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1.0  INTRODUCTION 


This  report  describes  the  first  year  of  work  conducted  under  this  project,  between  13  June  2000 
and  12  June  2001 .  The  organization  of  the  report  is  as  follows: 

1 .  Aims 

2.  Findings  of  the  Investigator  during  Y 1 

3.  Comparison  of  Accomplishments  with  Goals 

4.  Chronological  list  of  written  publications 

5.  List  of  professional  personnel  associated  with  the  project. 

6.  Related  Activities:  Meetings/Conferences 

7.  Related  Activities:  Discoveries  and  Inventions 

8 .  Other  Grants  Related  to  F336 15-00-2-6059 

9.  Appendixes 


2.0  AIMS 

Broadly,  the  purpose  of  this  project  is  to  explore  the  idea  of  using  simple  optical  elements  to  do 
the  job  of  more  complex  and  costly  spectroscopic  hardware  in  measuring  chemical 
concentrations  and  determining  chemical  composition  via  optical  spectroscopy.  Work  of  this 
type  is  called  multivariate  optical  computing,  a  name  given  it  in  a  1998  publication  in  the  journal 
Analytical  Chemistry. 

The  underlying  theme  of  this  work  is  that  the  spectroscopic  patterns  that  provide  meaningful 
chemical  information  in  complex  systems  can  be  encoded  into  the  spectmm  of  a  simple  optical 
interference  filter.  To  ascertain  whether  this  is  feasible,  and  if  feasible  then  under  what 
conditions  and  with  what  certainty,  this  project  explores  the  basic  theory  of  multivariate  optical 
computing  as  well  as  the  materials,  algorithms  and  systems  used  for  bringing  the  concept  to  life. 

In  pursuit  of  this  aim,  the  USC  research  team  undertook  a  wide  variety  of  investigations.  Among 
these  were  development  of  design  algorithms,  measurements  of  optical  spectra  of  samples  in 
transmittance,  diffuse  reflectance  and  grazing  angle  specular  reflectance,  process  control 
algorithms,  theoretical  analysis  of  the  limitations  of  our  ability  to  fabricate  optics,  spectral 
radiometry  of  detectors  and  light  sources,  construction  of  prototype  systems,  construction  of 
imaging  systems,  measurements  of  the  optical  constants  of  materials  used  in  fabrication, 
literature  searches  and  reviews,  plus  measurements  of  organic  materials,  thin  films  and  other 
processes  for  making  defined  interference  layers.  The  following  report  describes  some  of  the 
salient  features  of  the  work  during  Year  1 . 


3.0 


FINDINGS  OF  THE  INVESTIGATOR  DURING  YEAR  1 


3.1  Synthesis  of  Multivariate  Optical  Elements  for  Point 
Measurements 

A  major  focus  of  the  USC  research  during  Y 1  was  to  develop  and  improve  tools  for  the  design  of 
multivariate  optical  elements  (MOEs).  All  initial  work  (prior  to  the  beginning  of  this  program) 
was  aimed  at  spectral  matching  algorithms  (SMAs).  SMAs  are  used  to  design  MOEs  by 
attempting  to  design  a  thin-film  structure  whose  interference-governed  spectrum  matches  a 
desired  target  spectrum.  The  “match  quality”  of  the  filter  spectrum  to  the  target  spectrum  was 
characterized  by  a  figure  of  merit  (FOM)  that  generally  expresses  the  percent  transmission 
difference  between  the  two  across  a  range  of  wavelengths.  Target  spectra  were  derived  from 
chemometric  interpretation  of  sample  spectroscopy.  SMAs  are  conceptually  and  practically 
identical  to  design  methods  for  any  type  of  tailored-spectrum  optical  interference  filter,  including 
the  very  sophisticated  commercially-available  packages  used  by  thin-film  designers  at  custom 
coating  houses.  While  such  algorithms  have  been  well  known,  they  are  by  no  means  easy  to 
implement  for  general  MOE  design.  There  are  serious  problems,  both  conceptual  and  practical, 
relating  to  how  well  data  noise  should  be  included  in  the  target  spectrum,  for  example.  In 
addition,  relating  the  film  thickness  sensitivities  for  layers  of  a  MOE  to  the  chemical  prediction 
quality  desired  for  an  MOE  is  by  no  means  straightforward  or  simple.  Thus  it  was  recognized  at 
the  beginning  of  this  project  that  SMAs  are  not  ideal  for  MOE  design. 

The  USC  team  undertook  software  development  for  the  synthesis  of  interference  coatings  based 
on  a  "standard  error  of  prediction"  figure  of  merit.  This  new  design  algorithm  bypasses  many  of 
the  problems  associated  with  the  old  SMA  approach  by  finding  an  optimal  design  for  the  MOE  at 
each  given  level  of  MOE  complexity. 

This  work  began  with  a  written  code  that  calculates  the  transmittance  of  a  multilayer  film  as  a 
function  of  angle,  wavelength  and  optical  constants,  including  absorbance.  The  second  stage  of 
the  work  was  the  incorporation  of  this  algorithm  into  an  optimization  code.  This  optimization 
code  at  the  moment  uses  a  pseudo-Newton  gradient  descent  algorithm  to  optimize  the 
thicknesses  of  materials  in  a  multilayer  that  is  given  it  as  a  starting  point.  A  number  of 
permutations  on  this  basic  theme  were  tried.  The  USC  team  has  thus  far  found  that  random 
starting  positions  for  optimization  are  preferable  to  a  SMA-derived  starting  point.  The  ultimate 
reason  behind  this  remains  essentially  unknown;  one  possible  explanation  is  that  an  SMA- 
derived  starting  point  limits  the  available  space  that  can  be  sampled  easily  during  optimization. 
Random  starting  points  have  generally  produced  results  that  outperform  SMA-initiated 
optimizations. 

The  new  algorithms  have  been  the  subject  of  both  a  manuscript  (currently  submitted)  and  a 
preliminary  patent  application.  Both  are  appended  to  this  report. 
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3 .2  Manufacturing  Tolerances 


The  question  of  how  closely  a  fabricated  filter  has  to  match  its  objective,  theoretical  spectrum 
before  its  performance  as  an  MOE  degrades  was  addressed  by  the  USC  team.  This  question  is  of 
great  importance  in  determining  whether  it  is  feasible  to  manufacture  an  MOE  suitable  for 
general  application.  Theory  was  developed  on  this  topic  by  taking  a  conservative  approach  to 
tolerance.  The  USC  team  used  a  "bandpass  selection"  filter  set  to  select  the  spectral  region  in 
which  a  MOE  should  work.  The  new  theory  provides  an  exact  definition  for  the  actual  bandpass 
region  of  importance,  and  how  the  spectral  tolerances  where  the  band  begins  and  ends.  It  also 
tells  us  how  the  tolerance  changes  with  wavelength. 

The  key  equations  of  note  were  found  to  be: 


2  \T  ,  \T  f'i  '\  \  SEP^ 

+  Vco (^R  -  ^l) - =  0 

In  equation  1 ,  V  stands  for  variance,  At  is  the  tolerance  in  transmittance,  co  means  "at  the  cutoff 
wavelength",  and  X  is  wavelength.  In  equation  2,  SEP  is  the  standard  error  of  prediction  in  the 
calibration,  R  and  L  mean  "at  the  right  and  left  cutoffs", respectively,  ex  means  "excluded",  and 
k  is  the  gain  factor  relating  the  regression  vector  to  the  predicted  value.  These  two  equations  are 
of  principal  importance  in  determining  the  permissible  error  tolerance  in  filter  design  and 
manufacrnring,  and  for  determining  the  bandpass  of  the  coating.  Their  derivation  and  use  are 
described  in  the  attached  manuscript,  "Fixed  Tolerance  Determination  for  Multivariate  Optical 
Elements"  which  was  published  in  Fresenius  J.  Anal.  Chem. 

The  consequence  of  this  investigation  was  the  finding  that  ideal  performance  in  an  MOE  would 
be  extremely  difficult  to  achieve  in  practice.  In  the  specific  example  chosen  for  the  manuscript, 
the  designed  MOE  required  some  spectral  regions  to  have  0.2%  errors  in  transmittance  or  better 
for  ideal  performance.  This  level  of  error  was  found  to  be  unachievable  in  practice  for  a  fixed 
design.  That  is,  the  accumulated  error  expected  in  the  fabrication  of  a  fixed-design  MOE  would 
quickly  mount  to  levels  greater  than  the  theoretical  tolerance  at  the  most  critical  wavelengths. 
This  lead  the  USC  team  to  the  “variable-design”  MOE  concept  that  is  a  subject  of  current, 
ongoing  research. 


3 .3  Demonstration  of  Multivariate  Optical  Computing 

The  USC  team  completed  the  SEP  coating  synthesis  programming  and  applied  it  to  two  simple 
chemical  problems  to  determine  how  this  solution  to  film  design  works.  One  of  these  examples 
is  shown  below  as  Figure  1 . 
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Figure  1 .  Binary  dye  spectra  corrected  for  source  radiance 
detector  response,  and  filter  bandpass. 


Figure  1  gives  a  set  of  optical  spectra  for  mixtures  of  two  dyes.  The  two  dyes  have  optical 
spectra  that  overlap  one  another  throughout  the  wavelength  region  covered.  The  samples  were 
made  by  random  generation  so  that  the  concentrations  of  the  two  dyes  are  independent  of  one 
another.  Consequently,  each  dye  other  simulates  a  random  interfering  species  for  measurement 
of  the  other. 

Simple  bandpass  filtering  was  found  to  work  poorly  for  the  measurement  of  the  target  chemical 
species  in  the  mixture  represented  in  Figure  1 .  The  SEP  approach,  on  the  other  hand,  gave  the 
spectral  design  illustrated  in  Figure  2  below. 
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Wavelength  (nm) 


Figure  2.  Theoretical  transmittance  spectrum  of  an  MOE  designed 
for  the  data  in  Figure  1  at  45  degrees  angle  of  incidence. 


Figure  3  shows  the  result  of  actual  manufacture  of  this  coating  (at  normal  incidence,  not  the  45 
degrees  incidence  at  which  it  would  be  used). 
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Figure  3.  Real  (as  fabricated)  and  theoretical  spectrum  of  the  MOF 
in  Figure  2  at  0  degrees  angle  of  incidence. 

Figure  4  below  shows  a  schematic  of  the  point-detection  system  into  which  the  Figure  3  MOE 
was  placed  for  demonstration  purposes.  Figure  5  shows  a  photograph  of  the  actual  prototype 
instrument. 


T  =  transmittance 
R  =  reflectance 
L  =  spectral  vector 


Figure  4.  Schematic  of  Multivariate  optical  computing  proi()i>p<.- 
system  for  single-point  transmission  measurements. 


The  actual  prototype  is  shown  in  the  following  photograph: 
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Figure  5.  Photograph  of  prototype  system  illustrated  in  Figure  4. 

Figure  6  shows  that  the  system  obtained  0.68  pM  SEP  rather  than  0.3  //M,  which  was  the 
theoretical  optimum.  The  reduction  in  precision  was  found  to  be  due  to  (a)  imprecision  in  the 
manufacture  of  the  MOE  and  (b)  the  algorithm  for  design  that  was  limited  to  a  single  angle  of 
incidence  (no  angular  dispersion). 


Measmed  Predictions  of  BB  vs.  Calibration  with  MOE 


Figure  6.  Results  from  the  MOE  built  for  demonstration  purposes. 
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3 .4  Angle-invariant  MOEs  for  Imaging  Spectroscopy 

As  mentioned  above,  early  forms  of  MOEs  were  designed  to  work  with  collimated  light  (see 
Figure  7  below). 


MOE 


Figure  7  -  Schematic  of  the  operation  of  a  collimated-light  MOE 


Imaging  applications  require  the  analysis  of  light  from  various  angular  positions  in  a  field  of 
view.  This  is  illustrated  in  Figure  8  below. 


Figure  8  -  angular  distribution  for  an  imaging  MOE  (IMOE) 
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In  order  to  accomplish  this,  a  new  algorithm  was  developed  that  simulated  the  effects  on  the 
MOE  spectrum  of  light  impinging  from  different  angles,  and  that  optimizes  the  average 
prediction  error  over  the  entire  angular  range.  The  performance  of  this  algorithm  is  illustrated  in 
Figure  9,  which  shows  the  prediction  error  for  the  MOE  from  the  last  section  as  the  angle 
deviates  from  its  designed  angle  of  45  degrees,  and  compares  it  to  an  IMOE  designed  for  the 
same  measurement. 


Angle  of  Incidence  (degrees) 

Figure  9.  SEP  as  a  function  of  angle  for  MOEs  designed  for  45-degree  operation,  (circles)  SEP  for  the  point  MOE 
designed  in  the  last  section,  (squares)  SEP  for  an  IMOE  designed  with  the  new  angle-invariant  algorithm. 

The  explanation  for  how  a  MOE  can  be  designed  for  optimal  performance  over  a  range  of 
incident  angles  is  explained  in  the  appended  manuscript  describing  the  algorithm. 
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3.5NEAR-INFRARED  AND  MID-INFRARED  SPECTROSCOPY  OF  ORGANOPHOSPHOROUS 
COMPOUNDS 

A  goal  for  the  first  year  of  this  project  was  to  record  the  near-infrared  and  mid-infrared 
spectroscopies  of  a  number  of  organophosphorous  compounds.  47  compounds  were  selected; 
their  structures  and  spectra  are  appended  to  this  report. 

Of  particular  interest  is  the  near-infrared  spectral  region,  which  contains  overtone  and 
combination  band  absorbances.  Only  two  of  the  compounds  studied  this  year  differed  in  the 
nature  of  the  atom  doubly-bonded  to  phosphorous.  Tetraethylpyrophosphate  and 
tetraethyldithiopyrophosphate  differ  only  in  that  the  former  contains  oxygen,  while  the  latter 
contains  sulfur,  doubly-bonded  to  phosphorous.  The  near- infrared  spectroscopy  of  these  com- 


Figure  10.  Spectroscopy  of  tetgraethylpyrophosphate  (left)  and  tetraethyldithiopyrophosphate(right). 

Top:  mid-infrared  absorbance.  Bottom:  near-infrared  absorbance. 

pounds  exhibits  a  combination  band  that  is  distinctly  different  in  the  two  species,  and  is  strongly 
correlated  with  the  behavior  of  two  bands  appearing  in  the  mid-infrared  spectral  region. 
Specifically,  two  mid-infrared  modes  for  the  oxygen  species  at  1371 .1  and  1445.9  cm  '  couple 
with  a  C-H  stretching  vibration  at  2987.2  cm  '  to  produce  combination  bands  at  4345.8  and 
4431.6  cm  '.  For  the  sulfur  species,  modes  at  1367.8  and  1443.5  cm  '  couple  with  a  C-H 
vibration  at  2976.1  cm"'  to  form  combination  bands  at  4340.5  cm"'  and  4425.9  cm"'.  The 
importance  of  these  modes  is  that  they  reproduce  in  the  near-infrared  the  observed  differences  in 
the  mid-infrared.  The  mid-IR  modes  (between  6.9  and  7.1  micrometer  wavelength)  are 
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diagnostic  for  the  P=S  and  P=0  assignment  in  these  molecules.  However,  they  occur  at  a 
wavelength  that  is  very  difficult  to  measure  due  to  blackbody  emission  and  other  for  other 
reasons.  The  combination  bands  show  the  same  intensity  differences  that  the  fundamentals 
show,  but  appear  between  2.2  and  2.3  micrometers  in  wavelength.  This  wavelength  region  is 
transparent  to  high-quality  silica  optics  and  can  be  measured  with  higher-quality  detectors. 
While  the  intrinsic  strength  of  these  absorbances  is  an  order  of  magnitude  less  thrm  those  in  the 
mid-infrared  region,  much  of  that  loss  can  be  compensated  by  improved  detector  quality  and  the 
loss  of  the  blackbody  continuum  background  that  is  so  troublesome  in  both  active  and  passive 
measurement  of  the  mid-infrared  region. 

Optical  spectra,  including  Raman  spectra,  of  all  samples  have  been  obtained,  but  the  research  is 
still  in  progress  to  the  extent  that  a  detailed  analysis  of  the  optical  spectra  is  still  being 
performed.  Preliminary  data  is  available  to  DOD  chemical  researchers  on  request.  An  appendix 
of  this  report  gives  the  names  of  the  compounds  studied,  plus  the  types  of  spectra  available  for 
them.  A  report  detailing  the  optical  spectra  of  these  samples  will  be  prepared  during  year  2. 


4.0  COMPARISON  OF  ACCOMPLISHMENTS  WITH  GOALS  DURING 
YEARl 

The  following  figure  shows  the  expected  progress  during  Y1  and  compares  it  to  the  actual 
progress. 


6/13/00  7/13/00  8/13/00  9/13/00  10/13/00  11/13/00  12/13/00  1/13/01  2/13/01 


i 


Optim.  Review 


User  Code  for  Filters  | 


I  Initial  Thin-Film  Design  Code 


Visible  CalibA^alid  Libraries 


Visible  Source/Detector  Calib 


I  I  =  Task  Complete 
I  I  =  Task  in  Progress 


Obtain  Field  Trial  Data 


Visible  Prototype  platform 


I  Radiometric  Chemometrics  . 

[Local  Minimum  Avoidance  | 


Visible  Coating  Design  j 


c 


[Perform  Efficacy  Calculation  on  Field  Data  j 


Theory  Development 


Assembly  of  Series  of  OP  Compounds 


Algorithm  Evaluation 


[  Construct  RVs  for  OP  cmpds  in  Field  Data 


Measurement  of  OP  Series  MIR  and  NIR 


Study  of  Organic  Film  Properties 


Msmt  of  Optical  Constants 


Instrument  Modification 


Obtain  Diffuse  Reflectance  System 


►  3/13/01 

►  5/13/01 

►  7/13/01 

►  5/13/02 

►  5/13/02 

I  8/13/01  I 


Figure  11 .  Estimated  Schedule  of  task  completion  for  Y1 .  All  tasks  listed  have  been  completed. 


All  tasks  scheduled  for  Y1  were  completed  on  or  ahead  of  schedule  if  they  were  (a)  possible  and 
(b)  not  superseded  by  new  discoveries.  Thus,  some  of  the  original  parts  of  algorithm 
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development  were  superceded  by  discoveries  of  novel  and  improved  methods  for  designing 
MOEs.  Also,  while  field  trial  data  were  obtained  from  Air  Force  sources,  the  data  were 
inadequate  for  the  scheduled  efficacy  calculation.  Nevertheless,  the  Myrick  group  was  able  to 
show  for  one  of  the  data  sets  that  a  multivariate  regression  vector  could  be  developed  for 
dimethylmethylphosphonate  in  the  field  trial  data  that  performed  comparably  to  the  algorithms 
used  in  the  field  test. 

The  setup  of  a  diffuse  reflectance  system  was  completed  during  Yl,  although  it  was  not 
scheduled  until  early  Y2,  and  it  is  listed  in  the  figure. 
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10.0  APPENDIXES 


The  appendixes  include  the  following  sections. 


10.1  Spectral  Tolerance  Determination  for  Multivariate  Optical 
Element  Design 

This  is  a  manuscript  that  describes  the  permissible  error  limits  in  design  or 
manufacturing  of  optics  for  multivariate  optical  computing 

10.2  Spectroelectrochemical  Study  of  the  O  xidative  Doping  of 
Polydialkylphenyleneethynene  using  Iterative  Target 
Transformation  Factor  Analysis 

This  manuscript  describes  the  optical  properties  of  an  organic  thin  film  prepared 
from  a  spin-cast  polymer 

1 0 .3  Field  Applications  of  Stand-off  Sensing  using  Visible/NIR 

MULTIVARIATE  OPTICAL  COMPUTING. 

This  manuscript  describes  basic  investigations  at  an  initial  stage  for  understanding 
multivariate  optical  computing. 

10.4  Design  and  Testing  of  a  Multivariate  Optical  Element  (MOE);  The 
First  Demonstration  of  Multivariate  Optical  Computing  for 
Predictive  Spectroscopy 

This  manuscript  describes  the  US C  Team’s  first  successful  demonstration  of 
multivariate  optical  computing,  and  was  featured  on  the  cover  of  the  journal 
Analytical  Chemistry. 

10 .5  Novel  Filter  Design  Algorithm  for  Multivariate  Optical  Computing 

This  manuscript  describes  a  new  concept  and  algorithm  for  designing  optical 
elements  for  multivariate  optical  computing. 

1 0 .6  Simple  Optical  Computing  Device  for  Chemical  Analysis 
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This  manuscript  describes  preliminary  data  for  a  multivariate  optical  element 
design  and  fabrication. 


10.7  Interference  Filter  Refinement  for  Array-Based  Fluorescimetric 
Sensing 

This  manuscript  describes  an  interference  filter  solution  designed  and  constructed 
in  the  USC  laboratory  for  application  to  fluorescence  sensing  of  TNT  vapors. 

10.8  A  Single-Element  All-Optical  Approach  to  Chemometric  Prediction 

This  manuscript  describes  the  basic  concept  of  multivariate  optical  computing,  and  how  it 
has  evolved  over  the  period  1998-2000  from  two-filter  to  single-element  designs. 

10.9  A  Nonlinear  Optimization  Algorithm  for  Multin’ari.^te  Optical 
Element  Design 

This  manuscript  describes  in  detail  the  functioning  and  analysis  of  the  novel 
design  algorithm  for  multivariate  optical  elements  reported  earlier.  In  addition  to 
describing  the  algorithm,  it  details  how  that  algorithm  can  be  used  to  compensate 
for  fabrication  errors  during  production. 


10.10  Design  of  Angle-Tolerant  Multivariate  Optical  Eli-:mi;m  s  ior 
Chemical  Imaging 

This  manuscript  describes  a  new  concept  for  multivariate  optical  elements  m 
which  elements  are  designed  to  function  with  an  angular  distribution  ot  light,  such 
as  that  inherent  in  imaging  applications. 


10.1 1  List  of  Organophosphorus  compounds  whose  MIR,  NIK  and  R  aman 
spectra  have  been  measured  at  the  USC  LABORATORY' . 
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Abstract  Recent  reports  from  our  laboratory  have  de¬ 
scribed  a  method  for  all-optical  multivariate  cheinometric 
prediction  from  optical  spectroscopy.  The  concept  behind 
this  optical  approach  is  that  a  spectral  pattern  (a  regres¬ 
sion  vector)  can  be  encoded  into  the  spectrum  of  an  opti¬ 
cal  filter.  The  key  element  of  these  measurement  schemes 
is  the  multivariate  optical  element  (MOE),  a  nuiltivvave- 
length  interference-based  spectral  discriminator  that  is 
tied  to  the  regression  vector  of  a  particular  measiirement. 
The  fabrication  of  these  MOEs  is  a  complex  operation 
that  requires  precise  techniques.  However,  to  date,  no 
quantitative  means  of  determining  the  allowable  design/ 
manufacturing  errors  for  MOEs  has  existed.  The  purpose 
of  the  present  report  is  to  show  how  the  spectroscopy  of  a 
sample  is  used  to  define  the  accuracy  with  which  MOEs 
must  be  designed  and  manufactured.  We  conclude  this  re¬ 
port  with  a  general  treatment  of  spectral  tolerance  and  a 
worked  example.  The  worked  example  is  based  on  actual 
experimental  measurements.  We  show  how  the  spectral 
bandpass  is  defined  operationally  in  a  real  problem,  and 
how  the  statistics  of  the  theoretical  regression  vector  in¬ 
fluence  both  the  bandpass  and  the  minimum  tolerances.  In 
the  experimental  example,  we  demonstrate  that  tolerances 
range  continuously  between  1  (totally  tolerant)  to  approx¬ 
imately  (0.1%  T)  in  this  problem. 


introduction 

Multivariate  spectroscopy  is  a  powerful  tool  for  analytical 
determinations  of  the  chemical  and  physical  characteris¬ 
tics  of  a  wide  range  of  sample  types  via  chemometrics.  In 
one  common  approach  for  applying  multivariate  model¬ 
ing  to  chemical  problems,  a  spectral  pattern  that  correlates 
with  a  dependent  variable  is  found.  In  subsequent  mea- 
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surements  of  unknown  samples,  predictions  of  the  depen¬ 
dent  variable  are  made  by  computing  the  magnitude  of 
this  spectral  pattern  in  the  optical  spectrum  of  the  un¬ 
known  [1]. 

A  recent  report  from  this  laboratory  [2]  describes  an 
all-optical  approach  to  the  last  step  in  this  procedure,  the 
magnitude  calculation  given  by  the  scalar  product  of  a  re¬ 
gression  vector  with  the  spectrum  of  an  uriknown  sample. 
The  first  reports  of  a  fully  optical  approach  to  multivariate 
chemical  measurement  were  those  of  Bialkowski  [3].  The 
all-optical  approach  proposed  in  our  laboratory  differs 
from  Bialkowski ’s  as  it  centers  around  the  production  of 
one  or  more  optical  interference  coatings  whose  transmis¬ 
sion  spectra  incoiporate  features  of  the  spectral  regression 
vector.  A  recently  reported  permutation  on  the  original 
concept  permits  this  pattern  to  be  expressed  in  a  single 
multivariate  optical  element  (MOE)  used  as  a  45-degree 
beamsplitter  in  a  T- format  instrument  [4].  This  permuta¬ 
tion  of  the  MOE  based  on  chemometrics  is  most  similar  to 
a  design  proposed  by  Ryabenko  and  Kasparov  [5]. 

MOEs  of  the  type  we  have  proposed  can  be  designed 
by  commercially-available  software  packages  by  assign¬ 
ing  the  desired  spectral  transmission  profile  of  the  MOE 
as  a  target  for  an  iterative  solution.  However,  these  pro¬ 
grams  operate  by  successive  approximations;  exact  solu¬ 
tions  are  not,  in  general,  possible.  To  date,  no  report  has 
been  made  of  any  method  for  determining  the  wave- 
length-dependent  limits  on  spectral  errors  (i.e.,  the  tolera¬ 
ble  spectral  variance)  that  are  permissible  in  the  design  of 
MOEs. 

The  present  manuscript  describes  the  development  of  a 
general  approach  to  determining  the  spectral  tolerance  of 
MOEs.  The  approach  taken  here  is  to  define  lower  and  upper 
wavelength  limits  beyond  which  tolerances  are  unneces¬ 
sary,  and  then  to  distribute  the  prediction  errors  caused  by 
coating  misfit  even  between  these  limits.  Because  no  a  priori 
knowledge  of  the  final  iterative  solution  can  be  available 
at  the  start  of  the  design  process,  the  authors  take  the  con¬ 
servative  approach  of  assuming  that  all  spectral  errors  will 
sum  in  the  result  in  the  worst  possible  way.  All  computa¬ 
tions  are  developed  for  numerical  solution  in  real  problems, 
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as  opposed  to  computations  that  depend  on  anal\  lical  ex¬ 
pressions  for  spectral  shapes  and  variances.  Thi>  work  is 
completed  with  an  example  application  based  on  l  eal  data. 

There  are  two  main  applications  for  the  equal  ions  de¬ 
veloped  here.  First,  they  provide  tolerance  criteria  for  the 
design  of  MOEs  via  spectral  matching.  That  is.  in  some 
permutations  of  MOE  design,  a  spectral  pattern  can  be  de¬ 
fined  from  standard  chemometric  approaches  which  the 
MOE  must  faithfully  reproduce.  The  criteria  developed 
here  specify  how  closely  the  design  must  repi'oduce  the 
target  spectrum  of  an  MOE  synthesized  in  this  way.  The 
second  application  for  these  equations  is  to  define  manu¬ 
facturing  tolerances.  Regardless  of  how  an  MOE  is  de¬ 
signed,  fabrication  must  produce  an  actual  device  that  re¬ 
produces  the  design  within  the  limits  set  by  these  equa¬ 
tions  if  there  is  to  be  no  degradation  of  prediction  com¬ 
pared  to  theoiy. 


Experimental 

A  Hewlett-Packard  UV-Vis  diode  array  spectrophotometer  Model 
8543  was  used  to  collect  transmission  and  absorption  data  on  bi¬ 
nary  dye  mixtures  for  this  study.  A  compact  prototype  ileld  instru¬ 
ment  (Fig.  1)  was  designed  and  constructed  for  this  project  to  show 
proof  of  concept  using  Linos  Photonics  (Milford  MA)  optical  com¬ 
ponents.  The  characteristics  of  bandpass  filters,  lamps  and  detec¬ 
tors  in  the  prototype  instrument  were  used  to  convert  transmittance 
spectra  of  calibration  samples  into  detector  spectral  responses. 

A  6  V/6  W  tungsten  filament  lamp  with  1  x  1.2  mm  active  fil¬ 
ament  area  was  used  as  a  light  source  in  the  Fig.  1  instrument.  The 
spectral  radiance  of  the  lamp  was  measured  in  W  per  (sieradian  x 
cm^  X  nm)  with  a  CCD  spectrometer  system  (consisting  of  a 
Chromex  250IS  spectrometer  with  3(X)  lines/mm  grating  and  a 
Princeton  Instruments  1100  x  3(K)  pixel  CCD  camera,  model 
TE/CCD-11(X)-PE).  The  input  optics  of  the  spectrometer  system 
were  duplicates  of  the  Fig.  1  system.  For  these  measurements,  the 
operating  voltage  for  the  lamp  was  fixed  at  5.76  V.  The  wave¬ 
length  range  of  the  CCD  camera/spectrometer  system  was  cali¬ 
brated  with  a  standard  mercury  penray  lamp  and  a  standard  neon 
lamp.  The  spectral  radiance  of  the  lamp  under  these  conditions  was 
calibrated  against  an  OL  series  455  integrating  sphere  calibration 
standard  lamp  (Optronic  Laboratories,  Inc.)  operated  under  stan¬ 
dard  conditions. 

The  two  Si  photodiode  active  detectors  were  type  BPW21  with 
a  sensitive  area  of  2.7  x  2.7  mm^  spectral  range  320-820  nm  and 


Fig.l  Layout  of  a  single-element  system  in  which  a  nuilli variate 
optical  element  acts  as  a  45-degree  beamsplitter.  MOE  is  the  opti¬ 
cal  element,  L  is  a  lamp,  P  is  a  spatial  filtering  pinhole.  S  is  a  sam¬ 
ple,  P  is  a  bandpass  selection  filter  set,  D+  and  D~  are  detectors 
for  the  transmitted  and  reflected  light  from  the  MOE 


radiant  sensitivity  at  the  peak  wavelength  (550  nm)  of  3.8  V/mW. 
The  relative  signal  intensity  (detector  response)  vs.  wavelength 
was  estimated  from  a  Linos  Photonics  data  sheet  with  values  mea¬ 
sured  at  25  degrees  C  and  12  V  DC  supply  voltage. 

The  bandpass  filter  set,  used  to  isolate  the  spectral  region  be¬ 
tween  400  nm  and  650  nm,  consisted  of  two  3  mm  thick  Schott 
glass  filters  (Duryea,  PA)  BG-39  and  GG4(X). 

The  binary  dye  mixtures  used  for  initial  testing  of  our  MOC  fil¬ 
ter  design  were  prepared  from  two  water-soluble  dyes  obtained 
from  Aldrich  Chemical  Company,  Bismarck  Brown  Y  (BB)  (max 
457  nm,  dye  content  50%)  and  Crystal  Violet  (CV)  (max  590  nm, 
ACS  reagent  dye  content  95%).  Stock  solutions  in  distilled  water 
of  BB  at  6.72  x  10"^  M  and  CV  at  1.64  x  10"^  M  were  prepared. 
Then  random  numbers  were  generated  and  applied  to  the  concen¬ 
trations  of  the  dyes  with  dilution  to  determine  Aat  the  relative  con¬ 
centrations  of  the  two  dyes  were  varied  independently.  In  the  dilu¬ 
tion  process  transmission  values  were  kept  between  10%  and  90% 
in  the  mixtures.  In  this  manner  40  binary  dye  solutions  were  pre¬ 
pared  and  their  transmittance  spectra  were  measured.  Twenty-five 
of  these  spectra  were  used  to  generate  a  regression  vector  and  15 
were  kept  as  a  test  set. 


Discussion 

Prediction  error 

Figure  1  shows  a  schematic  of  the  optical  layout  for  a  sin- 
gle-MOE  measurement  system,  illustrating  that  both 
transmittance  through  and  reflectance  from  the  MOE  are 
detected.  The  estimated  prediction,  C'pred,  for  a  quantity  in 
an  unknown  sample  is  given  by  Eq.  (1): 

C'p^  =  k(r-R0xS  +  O.  (1) 

In  this  equation,  T'  and  R'  are  vectors  representing  the 
real  transmittance  and  reflectance  of  the  MOE,  S  is  a  vec¬ 
tor  for  the  spectrum  of  the  unknown,  k  is  a  scalar  gain  fac¬ 
tor  and  O  is  a  constant  scalar  offset. 

For  interference  filters  made  from  non-absorbing  or 
approximately  non-absorbing  materials,  the  transmittance 
and  reflectance  sum  to  unity  at  each  wavelength.  Under 
this  approximation,  we  can  write  the  vector  difference  in 
parentheses  in  Eq.  (1)  as; 

r-R'  =  2r-l  (2) 

where  1  represents  a  column  vector  of  dimension  equal  to 
the  number  of  wavelengths  that  contains  all  ones. 

The  error  in  prediction  due  to  errors  in  the  spectrum  of 
the  MOE  can  be  determined  by  inserting  the  definition 
T'  =  T  +  AT  into  Eq.  (2),  which  can  be  rearranged  into 
the  form  of  Eq.  (3): 

C'pred  =  k(2T-  1)  X  S  +  O  +  2  k  AT  X  S  (3) 

where  T  is  the  intended  transmittance,  or  target  transmit¬ 
tance,  of  the  MOE  and  AT  is  the  spectral  error  vector. 

The  first  two  terms  on  the  right-hand  side  of  Eq.  (3) 
constitute  the  “ideal”  prediction  which  an  ideal,  error-free 
MOE  would  have  produced.  Note  that  the  “ideal”  predic¬ 
tion  is  not  the  same  as  the  “true  analytical  variable”  whose 
value  we  can  only  know  via  the  reference  method  for  the 
underlying  chemometrics,  but  only  our  usual  chemomet¬ 
ric  prediction  of  that  variable. 
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Expressing  the  difference  between  the  aciiKil  predic¬ 
tion  and  the  ideal  prediction  as  ACp^di  we  can  \\  l  ite: 

ACp^=2kXAtiSi.  (4) 

i 

In  Eq.  (4)  the  scalar  product  has  been  rewiiiicn  in  ihe 
form  of  a  summation  of  the  individual  wavelength-depen¬ 
dent  terms.  We  are  interested  in  the  dependence  of  ACp,ed 
on  the  spectrum  of  the  unknown  since,  once  fabricated, 
the  spectral  errors  in  the  MOE  are  fixed.  In  particular,  we 
are  interested  in  the  variance  of  ACpred  with  ilic  spectral 
variance,  because  constant  offsets  in  ACpred  can  be  ac¬ 
counted  for  easily  in  operation.  By  a  constant  <  ITsci,  we 
mean  any  component  of  prediction  error  that  does  not 
vary  from  sample  to  sample.  In  the  basic  multivariate  op¬ 
tical  computing  approach,  the  measurement  device  is  op¬ 
erated  much  like  a  pH  meter  is  used:  a  couple  of  standard 
samples  are  inserted  into  the  device  to  set  a  gain  and  off¬ 
set  factor.  Constant  components  of  the  offset  arc  implic¬ 
itly  removed  by  this  procedure.  Eq.  (5)  can  be  used  to 
evaluate  the  dependence  of  the  prediction  variance  w  ith 
respect  to  the  spectral  variance. 

Xu 

dAC^a  =  2  kX AtidSi  =  2  k  J  At(A.)as(X)d[X  (5) 

*  Xl 

In  Eq.  (5),  and  Xl,  are  the  bandpass  cutedf  wave¬ 
lengths.  There  is  a  fine  point  to  be  made  here.  The  effect 
of  MOE  errors  at  different  wavelengths  on  prediction  can 
be  either  positive  or  negative.  One  can  imagine  conditions 
in  which  the  spectral  errors  in  an  MOE  offset  one  another 
more  or  less  exactly.  An  example  would  be  tw  o  MOEs 
that  code  for  different  valid  regression  vectors  for  the 
same  measurement.  One  of  these  MOEs  could  be  pictured 
as  an  erroneous  version  of  the  other  that  just  happens  to 
give  completely  valid  results.  However,  since  \  e  cannot 
know  the  patterns  of  spectral  variance  in  the  original  dtita 
a  priori,  we  will  assume  they  all  sum  as  random  crroi\  The 
partial  derivatives  on  each  side  of  this  equation  can  then 
be  identified  with  the  variance  in  prediction  erro: .  and 
the  variance  in  the  spectral  intensity  at  each  w^as  elencih, 

y(X). 


Tolerance  as  a  function  of  wavelength 

A  simple  relationship  between  the  tolerable  eri  oi  in  MOE 
transmittance  and  the  spectral  variance  at  eacli  waxe- 
length  can  be  obtained  by  integrating  by  parts  fEq.  (6)); 

CO  «» 

J  V(X)d(At(X))  =  [V(X)At(X)]5’  -  jAt(X)d  V(X)  (6) 

0  0 

In  this  equation,  the  spectral  variance  and  MOE  ci  ror  vec¬ 
tor  (spectral  tolerance)  are  treated  as  continuous  funciions 
of  wavelength.  Figure  1  shows  that  the  speciial  w  indow 
over  which  the  MOE  is  calculated  is  determined  largely 
by  a  bandpass  filter  set  (or  equivalently  by  a  combination 
of  a  long-wavelength  pass  filter  and  a  detector  cutoff,  or 
by  a  light  source  spectrum  and  detector  spectrum,  cic.). 


By  using  limits  of  integration  in  Eq.  (6)  that  are  far  to  the 
left  or  right  of  the  spectral  bandpass,  we  assure  that  the 
first  term  on  the  right,  the  difference  between  the  vari¬ 
ance-error  function  at  the  limits  of  integration,  is  zero. 
This  is  because  the  error  in  transmittance  is  limited  to 
unity  since  MOEs  have  transmittance  values  limited  to  the 
range  0  <  t  <  1.  Since  the  spectral  intensity  outside  the 
bandpass  is  always  zero,  the  spectral  variance  falls  to  zero 
there  as  well.  This  simplifies  Eq.  (6)  to  the  form: 


J  V(X)d(  At(X))  =  -  J  At(X)d  V(X) 


(7) 


Taking  the  derivative  of  both  sides,  we  can  easily  re¬ 
arrange  the  result  and  reintegrate  to  show  that: 


At(X)  = 


V(X)’ 


(8) 


where  G  is  a  constant  of  integration.  Eq.  (8)  relates  the 
permissible  error  in  transmittance  at  a  particular  wave¬ 
length  to  the  spectral  variance  at  the  same  wavelength. 
For  the  small  values  of  variance  typically  found  outside 
the  bandpass  of  the  measurement,  the  permissible  error  in 
transmittance  can  reach  as  much  as  unity.  This  provides  a 
rational  basis  on  which  to  determine  the  effective  band¬ 
pass.  The  bandpass  can  be  defined  as  the  wavelength  re¬ 
gion  over  which  the  allowable  error  in  transmittance  is 
less  than  unity. 


Finding  the  effective  bandpass 

Returning  to  Eq.  (5),  the  integral  on  the  right-hand  side 
can  be  separated  into  integrals  over  wavelengths  above 
and  below  the  bandpass  cutoff  wavelengths,  Xr  and 
plus  an  integral  over  the  bandpass  between  those  limits. 
Below  above  Xr,  the  allowable  transmittance  error 

can  be  assumed  to  be  fixed  at  1.  In  an  operational  sense, 
this  means  that  outside  the  spectral  bandpass,  the  trans¬ 
mittance  of  the  MOE  no  longer  matters.  As  a  result,  the 
integrals  below  and  above  the  cutoff  wavelengths  become 
integrals  of  the  excluded  variance  alone,  Vex-  Eq.  (8)  pro¬ 
vides  a  substitution  for  At(A,)  in  the  region  between  the 
cutoff  wavelengths  that  permits  integration  to  give: 

(9) 
2  k 

This  equation  can  be  used  to  determine  the  effective  band¬ 
pass  by  noting  that  G  is  the  value  of  W(k)  at  which  Ai(k) 
equals  unity.  G  is  thus  the  bandpass  cutoff  spectral  vari¬ 
ance,  represented  by  V^o  =  V(A,l)  =  V(Xr).  The  permissi¬ 
ble  variance  in  prediction  error  can  be  reasonably  identi¬ 
fied  with  the  square  of  the  standard  error  of  prediction  in 
the  original  regression  analysis,  (SEP)^.  Making  these  in¬ 
sertions  and  rearranging,  we  get: 

Vex+V„aR-XL)-^  =  0  (10) 

Eq.  (10)  provides  a  direct  route  for  determining  A.l  and  Xr. 
To  understand  how  this  is  done,  consider  a  simple  data  set 


24 


354 


in  which  V(X)  passes  through  a  single  maxinuiin, 
and  falls  toward  zero  on  either  side.  At  values  ol  V(X)  be¬ 
tween  zero  and  every  line  of  constant  variance 

crosses  the  spectral  variance  curve  at  two  different  wave¬ 
lengths.  The  integrated  variance  outside  these  wave¬ 
lengths  gives  V^x,  the  spectral  variance  at  tlicse  w  ave¬ 
lengths  is  Vco,  the  two  wavelengths  are  \  and  Xi^,  and  the 
remaining  factors  in  Eq.  (10)  are  constants.  In  a  real  data 
set,  values  of  spectral  variance  can  be  chosen  tliat  define  a 
curve  with  a  single  root.  This  root  is  a  solution  that  de¬ 
fines  the  important  parameters  (=G),  and  X^.  Out¬ 
side  this  spectral  range  the  allowable  error  in  transmit¬ 
tance  is  assumed  to  be  1,  while  inside  the  spectral  wdndow 
it  is  given  by  Eq.  (8). 

A  minor  reinterpretation  of  Eq.  (10)  is  adequate  to  ex¬ 
tend  the  model  to  cases  in  which  the  spectral  vai  iance  is  not 
unimodal  and  where  the  bandpass  encloses  one  or  more 
bandblocks.  In  these  cases,  Vco  is  the  cutoff  value  of  spectral 
variance  at  any  single  channel,  Vgx  integrates  variance  over 
all  channels  with  variance  below  this  cutoff  value,  and  the 
difference  in  cutoff  wavelengths  is  replaced  by  an  sum¬ 
mation  of  the  number  of  wavelengths  with  variances  above 
the  cutoff  variance.  This  interpretation  is  simple  to  imple¬ 
ment  with  most  spreadsheet  programs  by  sorting  the  vari¬ 
ances  and  calculating  the  left-hand  side  of  Eq.  (10)  for 
each  value  of  variance  to  locate  the  root  of  the  equation. 

One  further  point  remains  to  be  made  regarding  Eqs. 
(8)  and  (10).  These  two  equations  set  the  speciral  toler¬ 
ances  in  design  or  manufacturing  based  on  the  SEP  of  the 
conventional  measurement.  This  implies  that  if  an  MOE 
is  produced  with  errors  equal  to  the  tolerances  at  all  w  ave- 
lengths,  we  should  anticipate  the  SEP  for  the  measure¬ 
ment  might  degrade  by  V2.  Put  another  way:  tlie  funda¬ 
mental  SEP  of  the  measurement  due  to  errors  in  the  re¬ 
gression  model  represents  a  lower-bound  to  the  SEP  that 
can  be  produced  by  an  MOE  system.  SEPs  with  magni¬ 
tudes  that  result  from  low  signal  strengths  (e.g.,  counting 
statistics)  could  be  improved  by  an  MOE  system  since  the 
light-gathering  and  light-analyzing  power  of  the  optical 
computing  approach  is  much  better  than  most  conven¬ 
tional  instruments.  But  if  the  model  itself  is  the  limiting 
factor  in  error,  then  an  MOE  cannot  improve  it  but  can 
only  degrade  it.  The  challenge  is  to  make  that  degradation 
as  small  as  possible. 


A  worked  example 

Consider  the  data  for  spectral  intensity  through  a  series 
of  Bismarck  Brown/Crystal  Violet  dyes  shown  in  Fig. 2. 
A  calculation  of  the  spectral  variance  in  this  data  set, 
V(X),  is  shown  in  Fig.  3.  A  regression  analysis  of  the  dye 
data  in  Fig.  2  gives  an  SEP  of  0.3  [xM  for  the  prediction  of 
Bismarck  Brown  at  concentrations  up  to  16  pM  and  a  re¬ 
gression  vector  that,  when  transferred  to  an  MOE,  gives 
k  =  40  pM-nnW.  Using  these  values,  the  left-hand  side 
of  Eq.  (10)  varies  with  the  spectral  variance  as  sliown  in 
Fig. 5.  This  figure  indicates  that  the  cutoff  spectra]  vari¬ 
ance  is  nearest  5.52  x  ICf^  V^/nm.  This  value  c^f  V^^,  oc- 


Fig.2  A  series  of  40  spectra  for  a  two-dye  mixture  consisting  of 
Bismarck  Brown  and  Crystal  Violet  with  uncorrelated  concentra¬ 
tions.  These  spectra  are  produced  as  described  in  the  text 


Fig.  3  The  spectral  variance  in  the  data  sets  of  Fig.  2 


Intercept  =  S.52E-6  V^/nm 
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Spectral  Variance  (W/nm) 


Fig.  4  An  equation  10  plot  based  on  the  data  in  Fig.  3  giving  the 
root  of  the  equation  as  5.52  x  10^  V^/nm 


curs  on  the  left  of  Fig.  3  nearest  X  =  424  nm,  and  on  the 
right  of  Fig.  4  nearest  X  =  622  nm.  These  limits  then  de¬ 
fine  spectral  bandpass  over  which  tolerances  are  required. 
The  tolerances  outside  this  range  are  set  to  1,  while  those 
in  this  range  are  set  to  VcoA^(X).  The  tolerances  thus  vary 
over  about  3  orders  of  magnitude,  from  unity  to  near  1  x 
10“^,  as  shown  in  Fig.  5.  The  region  of  tolerances  less  than 
about  0.005  (0.5%  transmittance)  extends  from  474  nm 
to  590  nm.  To  aid  in  visualizing  these  tolerances,  Fig,  6 
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Fig. 5  Calculated  tolerances  for  an  MOE  based  on  Fi^s.3  and  4. 
Units  are  based  on  a  maximum  transmittance  of  1 


•MM)  420  4M\  4M  -m*  NIO  »<>  540  Nto  t--.. 


Wiivfkngih  (nni) 

Fig. 6  A  proposed  spectrum  for  an  MOE  for  the  Bismaick  Brown/ 
Crystal  Violet  samples.  Error  bars  are  taken  from  the  tolerances  in 
Fig.  5.  Any  MOE  with  a  spectrum  falling  within  the  limits  do  lined 
by  these  error  bars  will  perform  approximately  the  same 

shows  the  regression  vector  (obtained  from  PCI^  i'or  tlie 
data  of  Fig.  2  based  on  4  principal  factors)  with  iliese  tol¬ 
erances  provided  as  error  bars.  These  tolerances  are  suffi¬ 
cient  for  a  thin-film  design  program  to  achieve  a  usable 
solution  via  iteration.  In  some  cases,  the  tight  tolerances 
required  in  the  central  portion  of  the  MOE  spectrum  are 
readily  achievable,  while  in  others  they  are  non  In  gen¬ 
eral,  complex  MOE  structures  reduce  the  likelihood  of 
achieving  the  most  restrictive  tolerances.  An  apj^roach  to 
solving  this  problem  is  to  redesign  the  MOE  following 
each  material  layer  deposition;  this  problem  will  be  ad¬ 
dressed  in  a  future  report. 


1 00  nm  instead  of  200  nm,  the  cutoff  variance  would  have 
been  approximately  twice  the  value  obtained  here,  which 
would  double  all  the  tolerances  and  make  MOE  produc¬ 
tion  easier.  Likewise,  peaked  variance  distributions  such 
as  the  one  given  here  will  give  rise  to  regions  of  very  low 
tolerance  to  design  error  and  manufacturing  defects  in  a 
single-element  MOE  design.  Another  consideration  is  that 
the  transfer  of  a  regression  vector  to  the  target  spectrum  of 
an  MOE  coating  is  very  flexible  in  the  sense  that  any  am¬ 
plification  factor  is  permissible.  The  modulation  of  the 
spectra]  function  can  be  made  larger  or  smaller  depending 
on  this  factor,  provided  that  one  keeps  the  hypothetical 
MOE  spectrum  within  the  limits  of  physicality.  However, 
small  modulations  will  yield  large  values  of  k,  the  gain 
factor.  The  result  will  be  smaller  values  of  V^o,  leading  to 
a  wider  bandpass  and  lower  tolerances  throughout  the 
spectral  bandpass. 

The  development  of  MOEs  and  multivariate  optical 
computing  as  an  alternate  method  for  implementing  mul¬ 
tivariate  prediction  is  only  at  its  inception.  Within  limits 
(whose  bounds  are  not  fully  determined  at  present),  one 
can  imagine  using  MOEs  to  perform  many  types  of  multi¬ 
variate  spectroscopic  calculations.  The  application  of 
MOEs  is  not  to  perform  measurements  that  cannot  be  per¬ 
formed  by  conventional  spectroscopy,  but  to  perform 
them  faster,  with  less  complex  instrumentation  and  at  far 
lower  costs.  To  place  this  in  context,  recent  work  in  our 
laboratory  has  shown  that  we  can  produce  50+  identical 
1/4  <  -square  MOEs  in  a  single  run.  Extrapolated  to  a  true 
commercial  facility,  the  cost  of  producing  MOEs  could  be 
as  little  as  a  few  $US  per  element.  The  devices  that  could 
be  produced  from  them  might  look  and  feel  a  lot  like  a 
“tricorder”  from  the  Star  Trek  television  series.  But  these 
simple-looking  devices  would  use  the  power  of  complex 
multivariate  spectroscopy  to  perform  necessary  tasks  in 
medicine  (e.g.,  glucose  measurement),  agriculture  (ripe¬ 
ness,  moisture  content,  etc.),  industry  (e.g.,  fuel  quality)  and 
combat  (e.g.,  chemical  detection).  Our  laboratory  is  currently 
exploring  the  practical  design  and  fabrication  of  MOEs. 
From  an  optimistic  viewpoint,  these  tools  could  bring  mul¬ 
tivariate  spectroscopy  to  the  mass  consumer  market. 
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Iterative  target  transformation  factor  analysis  (ITTFA)  u  as  used  to  determine  the  spectra  of  the  individual  species 
generated  during  the  oxidative  p-doping  of  films  of  poly(pr/yY2-phenyleneethynyIene)  (PPE).  UV-visible  spectra  of 
PPE  films  on  transparent  electrodes  were  obtained  in-sint  during  an  anodic  sweep.  ITTFA  identified  4  species 
present  during  the  oxidation,  which  we  assign  as  neuti  al  polymer,  polaron  species,  bip>olaron  species,  and  a  species 
formed  by  further  bipolaron  reaction.  The  region  of  elect rochemical  stability  for  each  of  these  species  was 
identified  and  their  potential-dependent  profiles  were  obtained.  This  work  is  the  first  deconvolution  of  conjugated 
polymer  spectroelectrochemistry. 


Introduction 

Electronically  conducting  polymers  with  3i-conjugated  back¬ 
bones  have  been  actively  studied  in  recent  years.'  The 
conjugated  backbone  of  diese  polymers  leads  tn  exiensi\'e 
electron  delocalization;  nevertheless,  the  quantLim-confined 
nature  of  the  structure  leads  to  large  bandgap  energies,  making 
the  polymers  insulators  or  weak  semi-conductors  in  their  neutral 
(undoped)  state.2  Electrochemical  oxidation  (p-cloping)  of 
conjugated  polymers  can  create  mobile  charge-carr\  ing  defects 
that  result  in  increased  conductivity;  these  charged  sites  are 
balanced  by  anions  that  migrate  into  the  polymer.  Doping 
introduces  new  defect-centered  electronic  states  that  exhibit 
distinctive  optical  transitions.  Undoped  polymers  exhibit  the 
characteristic  Ji— jt*  transitions  of  conjugated  organic  mole¬ 
cules;  the  new  mid-gap  states  introduced  by  doping  generally 
result  in  new  red-shifted  absorbances.  Two  major  defect  types 
can  be  formed  on  oxidation.  The  first  of  these  are  polarons, 
molecular  radical  cations,  which  are  formed  at  io\s  doping 
levels.  Bipolarons,  dicationic  defects  delocalized  on  er  a  number 
of  repeat  units,  may  be  formed  at  higher  doping  ]e\  c!s.^’ 

In  our  laboratory,  we  have  recently  smdied  conductiN  iiy  and 
charge-carrier  mobility  in  polyphenyleneethynylenc-bascd  pol¬ 
ymers.  Phenylenevinylene  and  the  related  phenylenecth)  !!)  lene 
polymers  constitute  an  important  class  of  conducting  polymers 
with  applications  in  optoelectronic  devices  and  materials.^ 

In  this  work  the  spectroelectrochemistry  of  a  novel 
2,5-dialkyl(paraphenyleneethynylene)  polymer,  synthesized  by 
us,  has  been  investigated.  This  polymer  has  been  shown  to  emit 
light  blue  shifted  from  poly(p-phenylenevinyIene),  {PJA')  and 
has  been  investigated  as  an  emitting  layer  in  organic  electro¬ 
luminescent  (OEL)  devices.^’"^  Efficiency  in  OEL  devices  is 
directly  related  to  the  oxidation  and  reduction  potential  of  the 
emitting  layers.^-^  Wrighton  et  examined  the  cyclic 

voltanrunetry  of  a  dialkoxy-poly(para-phenyIenccthyn\  lene)- 
derivative  in  solution  and  found  that  it  is  irreversibh  t^xidi/cd  at 
1.05  V  (v.y.  calomel)  in  liquid  S02-  However,  to  dale  the 
electrochemistry  of  poly(para-phenyleneethynylenc)s  (i’PEs), 
especially  in  solid-state  films,  is  largely  unexplorei.!. 

Spectroelectrochemistry  is  a  powerful  technique  foi  the 
determination  of  the  intermediates  in  conjugated  polymer 
oxidation.^*  Rapta^r  al.  studied  the  oxidation  of  poJypyu  olc  by 


in-situ  EPR/UV-vis  spectroscopy  and  determined  the  UV-vis 
spectra  of  the  neutral,  polaronic  and  bipolaronic  states.  In-situ 
spectroelectrochemical  studies  of  p-doped  PPV  have  identified 
the  polaronic  and  bipolaronic  states  of  this  polymer, 3 
Unfortunately,  spectroelectrochemistry  of  conducting  polymers 
is  complicated  by  overlapping  spectra  for  the  different  charge- 
carrying  defects  possible  in  each  material.  Factor-analysis - 
based  approaches  to  interpretation  such  as  iterative  target 
transformation  factor  analysis  (ITTFA)  have  the  power  to 
provide  insight  into  the  number  of  species  present,  and  how 
their  concentrations  vary  with  time  and  potential.  However,  to 
date  factor  analysis  has  been  used  only  once  to  deconvolute 
spectroelectrochemical  data:  by  Keesey  and  Ryan  who  studied 
the  reduction  of  E.  coli  sulfite  reductase  hemoprotein  and  a  Mo- 
Fe-S  cluster. In  this  report,  we  explore  the  spectroelec- 
trochemistry  of  a  PPE-based  polymer  using  ITTFA.  Using  this 
approach,  we  obtain  the  distinct  optical  spectra  of  two  charged- 
defect  states  that  we  assign  as  the  polaron  and  bipolaron  states 
on  the  basis  of  their  potential  and  doping  level  dependence. 


Experimental 

Thin  films  of  1  and  2  on  indium  tin  oxide  (rrO)-coated  slides 
were  used  for  a  spectroelectrochemical  study. 

The  polymers  1  and  2  were  synthesized  according  to  a 
literature  procedure ^ Thin  films  of  1  and  2  were  made  by  spin¬ 
coating  150  pi  of  a  25  mg  ml^^  chloroform  solution  of  the 
polymer  onto  ITO  at  a  speed  of  770  rpm  for  50  s.  In  some  cases, 
tlie  film  was  removed  from  a  portion  of  the  ITO  coating  with  a 
chloroform-soaked  swab  prior  to  making  electrical  contact  with 
an  alligator  clip.  In  other  cases,  no  cleaning  protocol  was  used 
and  a  direct  connection  via  an  alligator  clip  was  made  through 
the  film.  No  difference  in  the  behaviors  of  these  connection 
types  was  observed.  Film  thickness  was  determined  using 
contact-mode  atomic  force  microscopy  by  scoring  the  polymer 
film  with  a  blade  and  measuring  step  heights  from  the  top  of  the 
polymer  film  to  the  substrate. 

The  experimental  instrumentation  for  the  electrochemical 
set-up  consisted  of  an  EG&G  PARC  Model  263  potentiostat, 
connected  with  a  GPIB  interface  (National  Instruments)  to  a 
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Gateway  2000  Model  P5-60  computer  with  EGc^G  PARC 
Model  270  Research  Electrochemistry  Software.  Cyclic  vol¬ 
tammetry  (CV)  of  the  films  was  performed  with  O.IM 
tetrabutylammonium  perchlorate  (TBAP)  supporting  electro¬ 
lyte  in  dichloromethane  (DCM).  DCM  was  obtained  as  reagent- 
grade  from  Fischer  Scientific  and  was  used  without  further 
purification.  The  polymer  coated  ITO  was  used  as  the  working 
electrode  in  a  standard  3-electrode  electrochemical  set-up, 
platinum  was  the  counter  electrode  and  the  potential  was 
measured  against  a  platinum  wire  pseudo-reference  electrode. 
Ferrocene  was  used  as  a  standard  for  oxidation  potential.  Ail 
experiments  were  performed  in  air.  During  electrochemical 
studies  outside  the  spectrometer,  the  solvent  was  purged  wdth 
nitrogen  gas. 

Spectroelectrochemistry  was  carried  out  using  a  quartz 
cuvette  as  an  electrochemical  cell.  A  Hewlett  Packtird  UV- 
visible  spectrometer  was  used.  The  ‘Automation’  option  of  the 
chemstation  software  enabled  spectra  to  be  recorded  at  30  s 
intervals.  Spectral  data  were  exported  as  ASCil  files  for  furtlier 
use.  Continuous  nitrogen  purging  was  not  possible  during  these 
studies,  but  thoroughly  de-aerated  solutions  vvere  prepared  and 
transferred  to  the  spectrometer  for  immediate  use. 


Results  and  Discussion 

Polymers  1  and  2  showed  identical  electrochemical  behavior. 
Typical  cyclic  voltammograms  of  1  in  a  0.  i  M  TJ3AP-DCM 
electrolyte  solution  at  a  sweep  rate  of  50  mV  s- '  and  at  d  ifferent 
potenti^  limits  are  shown  in  Fig,  1.  When  the  upper  voltage 
limit  is  1 .45  V  v^.  Fc/Fc+  an  anodic  peak  is  seen  at  1 .  P)  V  r.v.  Fc/ 
Fc+.  There  is  also  a  small  anodic  peak  at  0.59  V  r.v.  1  c/Fc+.  One 
reduction  peak  is  observed  at  —0.26  V  vs.  Pc/Fc+.  This  redox 
reaction  is  accompanied  by  a  reversible  color  change  —  the 
polymer  originally  has  a  yellow-green  color.  At  applied 
potentials  above  1  V  this  changes  to  a  deep  red  color,  which 
persists  until  the  applied  potential  is  cycled  back  past  —0.26  V 
vs.  Fc/Fc**-,  where  the  original  yellow-green  color  reappears. 

However  when  the  upper  voltage  limit  is  set  at  0.85  V  v.v.  Fc/ 
Fc-*"  a  new  cathodic  p^  emerges.  The  small  oxidation  j^eak 
observed  at  0.59  V  vs.  Fc/Fc*’  exhibits  a  conesponding 
reduction  at  0.54  V  vs.  Fc/Fc+  In  this  case  there  is  a  color 
change  to  brown,  which  is  reversible  upon  c\  cling  past  the  0.54 
V  cathodic  peak.  No  cathodic  peak  at  —0.26  V  r.v.  Fc/Fc+  is 
observed  in  this  case.  At  an  intermediate  voltage  limit  in  the 
region  of  1.1  V  vs.  Fc/Fc+both  cathodic  peaks  are  obscr\  able  on 
the  cathodic  sweep,  but  the  magnitude  of  the  0.54  V  cathodic 
peak  decreases  relative  to  its  peak  height  at  the  0.9  \  limit,  and 
the  red  color  persists  until  cathodic  cyclic  past  0.26  V  r.v.  Fc/ 
Fc-^. 

It  seems  most  probable  that  the  first  peak  at  0.59  V  v'.v.  Fc/Fc+ 
is  due  to  polaron  (radical  cation)  formation,  which  is  initially 
reversible.  The  second  oxidation  at  1.19  V  vs.  Fc/Fc+  induces 


conversion  of  polarons  to  bipolarons,  a  process  that  is 
irreversible  in  that  the  bipolaron  cannot  be  reduced  to  the 
polaron.  Therefore,  although  the  overall  oxidation  reaction  can 
be  reversed,  the  process  is  thermodynamically  irreversible,  at 
least  under  the  conditions  of  our  experiment.  The  redox 
reactions  of  dialkyl(paraphenyleneethynylene)  can  be  summa¬ 
rized  as  follows:  PPE  —  PPE®-^,  reversible  radical  cation 

foi  raation;  PPE°+  PPE2+,  radical  cation  oxidation  to  form 
bipolaron,  irreversible;  PPE2+  +  2e“  PPE,  bipolaron 
reduction  to  neutral  polymer.  Upon  continuous  cycling  of  the 
polymer  between  0.34  and  0.85  V  v^.  Fc/Fc-*-  there  is  no  decrease 
in  observed  current  with  cycle  number,  subsequent  cyclic 
voltammograms  are  superimposable.  Upon  continuous  cycling 
of  the  polymer  between  —0.5  and  1 .35  V  v^ .  Fc/Fc*^,  however, 
there  is  a  sharp  decrease  in  observed  current  with  cycle  number. 
This  occurs  for  both  the  anodic  and  cathodic  peaks  although  the 
qualitative  behavior  of  the  films  remains  constant  and  the 
corresponding  color  change  remains. 

We  made  an  effort  to  determine  n,  the  number  of  C104“  ions 
incorporated  into  the  polymer  matrix  on  polaron  formation  and 
on  complete  oxidation.  To  do  this,  a  number  of  assumptions 
were  made.  It  was  assumed  that  the  molar  absorptivity  of  the 
polymer  in  solution  is  equal  to  that  of  the  polymer  in  the  film. 
The  measured  absorbance  per  unit  film  thickness  was  used  to 
calculate  the  concentration  of  polymer  in  the  film.  The  absolute 
absorbance  of  the  film  was  then  used  to  determine  the  number 
of  polymer  molecules  in  the  film.  Chronoamperometry  was 
used  to  determine  the  total  number  of  electrons  removed  from 
the  film.  A  value  of  n  at  an  applied  potential  of  1 .2  V  v5.  Fc/Fc+ 
of  between  20  and  30  was  calculated,  i.e.  an  electron  is  removed 
from  the  polymer  chain  every  3  to  4  repeat  units,  near  100  C 
cm“3.  Further  increasing  the  applied  potential  to  1.5  V  vs.  Fc/ 
Fc-^  does  not  affect  the  n  value  obtained  This  is  comparable  to 
the  faradic  charge  of  120  C  cm”*'  reported  for  fully  oxidized 
polypyrrole  films  used  as  batterv  electrodes  The  variation  in 
n  values  between  experiments  was  aiinhuied  to  inhomogeneity 
of  the  spin-coated  polymer  film.  Therefore  the  overall  electro¬ 
chemical  reaction  can  be  defined  as  PPE  20  C104“ 
^jPP£20+ci04~2o]  +  20e“.  For  polaron  fi>rmaiion  only,  at 
applied  potentials  of  0.6  V  vs  Fc/l-c*.  n  was  calculated  to  be 
approximately  1. 

The  observed  decrease  in  current  up»»n  pi»laron  formation  is 
attributed  to  polymer  delaminaiion  upi>n  dt»ping.  leading  to 
decreased  polymer  concentration  in  contact  with  the  electrode. 
This  delamination  may  be  the  result  of  decreased  polymer 


Fig.  1  Representative  cyclic  voltammogram  tur  itic  oxidation  of  1  at  50 
mV  s“^  in  a  0.1  M  TBAP-DCM  solution,  showing  the  effect  of  upper 
potential  limit  on  the  cyclic  voltammogram  characicn.siic.s.  Peak  A:  Neutral 
PPE  oxidation  to  form  polaron.  Peak  B:  Polaron  reduction.  Peak  C:  Polaron 
oxidation  to  form  bipolaron.  Peak  D:  Bipt>laron  reduction  to  neutral 
polymer. 
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flexibility  coupled  with  swelling/shrinkage  during  heavy  dop¬ 
ing. 

The  spin-cast  polymer  films  adhere  well  to  the  ITO  substrate. 
Atomic  force  microscopy  (AFM)  results  show  that  polaron 
formation  at  low  doping  levels  does  not  significantly  cliange  tlie 
polymer  morphology.  At  this  low  doping  level,  delamination 
does  not  occur  and  therefore  current  peak  heights  do  not  cliange 
upon  continuously  cycling  to  the  point  where  only  polarons  are 
formed-  After  heavy  doping,  however,  it  was  observed  that  tlie 
films  crack  and  shrink  and  are  more  easily  remoN  cd  from  the 
underlying  ITO.  A  possible  explanation  for  delamination  is  that 
upon  oxidation  the  large  concentration  of  positive  defects  (at 
least  one  per  4  polymer  repeat  units)  leads  to  structural 
perturbation  of  the  polymer,  such  as  increased  planarization. 
The  irreversibility  of  the  radical  cation  to  bipolaron  formation 
may  also  be  due  to  these  inferred  structural  changes  at  high 
doping  levels.  Some  evidence  exists  to  support  the  notion  of 
doping-induced  micro-  and  nano-structural  changes  in  pol)'mer 
morphology.  For  example,  the  decreasing  rate  of  polaron  decay 
to  bipolaron  with  increasing  oxidation  level  in  the  conducting 
polymer  polybithiophene  has  been  attributed  in  tlie  scientific 
literature  to  increasing  polymer  stiffness  upon  oxidation.*^  Our 
own  AFM  studies  show  that,  while  polaron  formation  does  not 
significantly  affect  polymer  morphology,  bipolaron  formation 
at  high  doping  does.  We  have  also  performed  force  modulation 
microscopy  (FMM)  on  the  PPE  films.  Results  of  FMM  studies 
indicate  that  the  fully  doped  polymer  is  much  more  rigid  than 

the  undoped  polymer. 

Spectroelectrochemistry 

Cyclic  voltammetry  was  earned  out  on  1  at  1  mV  s“'  and  the 
UV-visible  spectrum  of  the  film  was  collected  at  30  s  intervals, 
i.e,  at  potential  intervals  of  30  mV,  from  0.34  to  1 .43  V  vs.  Fc/ 
Fc+  on  the  forward  sweep.  The  cyclic  voltammogram  recorded 
during  the  experiment  was  not  perturbed  by  the  optical 
measurement.  As  before,  two  peaks  appeared  on  the  forward 
sweep:  polaron  formation  at  0.6  V  vs.  Fc/Fc+  and  bipolaron 
formation  at  1.19  V  vs.  Fc/Fc^  The  polymer  film  was 
considerably  delaminated  at  the  end  of  the  experiment.  The 
degradation  was  probably  enhanced  by  the  relatively  long  time 
the  doped  film  was  in  solution. 

The  spectra  obtained  during  the  electrocliemistry  are  shown 
in  Fig.  2.  They  correlate  to  spectra  obtained  during  preliminary 


350  400  450  500  550  600  65i>  700  750  800 

Wavelength /nni 

Fig.  2  The  37  spectra  obtained  during  a  linear  sv, \-L'p  volinmmc'gram  al  1 
mV  s~*.  Spectra  were  taken  at  30  mV  intervals  :hh!  icprcsL-nt  applied 
potentials  of  0.352  V,  0.382  V,  ...,  1.432  V  v5.  Fc-. 
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work,  where  chronoamperometry  was  used  to  apply  a  fixed 
potential  to  the  polymer  and  UV-visible  spectra  were  obtained 
in  this  potentiostatic  manner. 

The  undoped  polymer  film  has  absorption  maxima  at  404  nm 
(3.07  eV)  and  440  nm  (2.82eV).  In  solution,  the  phenyl  rings  of 
PPEs  are  known  to  be  relatively  rotationally  free.  The  404  nm 
peak  is  the  only  one  observed  for  polymer  in  solution,  and  is 
attributed  to  the  relatively  short  conjugation  lengths  that  exist 
due  to  rotational  motion.  The  peak  at  440  nm  appears  only  in 
films.  This  latter  peak  has  been  attributed  to  an  intrachain  effect 
in  which  spin-coating  leads  to  increased  planarization  and  thus 
improved  conjugation  with  a  lower  band-gap.^o 

At  an  applied  potential  of  0.65  V  vs.  Fc/Fc**^,  a  new  absorption 
centered  at  645  nm  (1.92  eV)  appears  and  reaches  a  maximum 
absorption  as  a  function  of  potential  at  approximately  0.9  V. 
This  absorption  is  assigned  to  p)olaron  formation.  At  potentials 
above  0.76  V  vs.  Fc/Fc+,  a  stronger,  broad  peak  with  k^ax  =  545 
nm  (2.27  eV)  appears.  Both  peaks  coexist  in  the  0.7  to  1  V 
range.  The  540  nm  peak  reaches  a  maximum  with  respect  to 
potential  at  1.07  V  vs.  Fc/Fc+,  at  which  potential  the  ^5  nm 
peak  has  disapjjeared.  The  540  nm  absorbance  is  assigned  to  the 
bipolaron  defects  in  the  polymer.  The  peaks  at  404  nm  and  at 
440  nm  diminish  until  -1.1  V  vs.  Fc/Fc^.  As  the  applied 
potential  is  increased  the  peak  at  404  nm  maximum  undergoes 
a  hypsochromic  shift  to  379  nm. 


Iterative  target  transformation  factor  analysis 

(ITTFA)  was  carried  out  using  a  modified  version  of  a  Matlab 
(version  5.1.0,  MathWorks,  Inc.)  program  written  by  Paul 
Gemperline  at  East  Carolina  University.^F  ITTFA  is  a  powerful 
mathematical  tool  to  deconvolute  spectra  with  broad  over¬ 
lapping  spectral  features.  ITTFA  works  by  finding  two  factors 
Cpred  ^d  £prcd  that  aTC  related  to  the  original  data  matrix,  A, 
via:  A  =  Cpred^^pred*  Transformation  analysis  is  carried  out  by 
finding  a  transformation  matrix,  Af,  such  that  Cprcd  =  Wkf  where 
Cpred  is  the  prediction  of  the  new  ordinate  system.  The 
eigenvectors  Epred  of  the  new  coordinate  system  are  found  from 
the  inverse  of  M.  Ep„ui  =  Target  transforms  are 

performed  by  selecting  test  vectors  for  M  and  minimizing  the 
difference  between  Cpred  and  Ctest- 

Principal  component  analysis  (PCA)  was  carried  out  to 
identify  the  number  of  significant  factors.  PCA  is  a  multivariate 
dimension  reduction  method  which  takes  m  spectra  with  n 
independent  variables  and  produces  a  new  set  of  orthogonal 
eigenvectors  that  are  a  linear  combination  of  the  original 
variables.  Principal  component  one  describes  the  greatest 
variability  in  the  data  set.  Subsequent  PCs,  ranked  by  decreas¬ 
ing  eigenvalue,  describe  successively  less  variability  until  only 
noise  is  being  accounted  for.  In  our  example  the  number  of 
significant  factors  was  found  to  be  4,  see  Fig.  3,  98.25%  of  the 
total  cumulative  variance  was  accounted  for  by  these  four 
PCs. 

The  data  input  to  the  ITTFA  program  was  the  37  X  750 
matrix  of  absorption  data  exported  from  the  Varian  software, 
where  the  37  rows  represent  complete  spectra  at  individual  scan 
numbers  or  applied  potentials  and  the  750  columns  represent 
individual  wavelengths  from  351  to  1 100  nm.  The  data  was  not 
preprocessed.  The  result  of  the  iteration  was  two  matrices, 
called  [cpred]  and  [epred].  [cpred]  is  a  37  X  4  matrix  which 
represents  the  concentration  profile  with  respect  to  applied 
potential  for  each  of  the  4  species  identified,  [epred]  is  a  4  X  750 
matrix  which  represents  the  spectra  of  these  4  components. 

The  ITTFA  program  allows  certain  variables  to  be  specified, 
namely  the  number  of  components  to  identify,  the  convergence 
tolerance  and  the  maximum  number  of  iterations.  From  PCA  it 
was  known  that  four  species  were  present.  ITTFA  is  a 
convergent  program  so  it  is  necessary  to  choose  a  maximum 


30 


number  of  iterations  greater  than  the  number  needed  to 
converge.  The  convergence  tolerance  has  a  large  effect  on  the 
number  of  iterations. 

The  deconvolution  yielded  four  separate  factors,  correspond¬ 
ing  to  the  main  species  present  during  the  positive  sweep.  Fig. 
4  shows  the  deconvoluted  spectra  and  Fig.  5  shows  the 
concentration  profile  of  the  four  species.  These  are  the  results 
obtained  when  the  convergence  tolerance  was  selected  as 
0.0004.  71  iterations  were  needed  to  reach  convergence  in  this 
case. 

The  deconvolution  shows  that  the  partially-planarized  neutral 
polymer  in  the  film  is  the  only  species  present  initially, 
consistent  with  expectation.  The  production  of  polarons  begins 
to  occur  at  0.55  V  vs.  Fc/Fc+  with  a  maximum  at  0.89  V  v.y.  Fc/ 
Fc+.  Polaron  formation  is  characterized  by  the  emergence  of  an 
associated  spectral  peak  at  650  nm.  The  neutral  polymer  peaks 
at  404  nm  and  440  nm  remain,  but  are  reduced  in  magnitude. 
The  fact  that  the  440  nm  ‘planarization’  peak  remains  at  these 
potentials  lends  credence  to  the  claim  that  polaron  formation 
does  not  significantly  alter  the  polymer  morphology.  At  0.77  V 
the  spectrum  of  a  third  species,  the  bipolaron,  emerges,  showing 
a  characteristic  broad  band  centered  at  550  nm.  This  absorption 
reaches  a  maximum  at  1.07  V  vs.  Fc/Fc*".  The  440  nm  peak  due 
to  planarized  regions  of  polymer  disappears  completely.  The 
404  nm  absorbance  characteristic  of  the  dissolved  polymer  with 
short  conjugation  lengths  has  decreased  hugely.  This  agrees 


PC  Number 

Fig.  3  Principal  component  analysis. 


Fig.  4  Deconvoluted  spectra  showing  the  four  significant  species 
identified  by  the  ITTFA  program,  where  species  1  is  the  neutral  polymer, 
species  2  is  the  polaron  species,  species  3  is  the  bipolaron  species  and 
species  4  is  the  final  delaminated  species. 


with  our  chronoamperometry  data.  If  on  average  each  polymer 
chain  has  lost  20  electrons  then  it  is  to  be  expected  that  there  will 
be  an  insignificant  number  of  neutral  segments  remaining,  and 
hence  insignificant  absorption  at  404  and  440  nm. 

Species  4  emerges  at  potentials  above  0.9  V  v.y.  Fc/Fc-^.  The 
main  absorbance  for  this  species  is  at  380  nm.  From  both  cyclic 
voltammetry  and  chronoamperometry  we  know  that  there  is  no 
electrochemical  reaction  occurring  on  the  positive  sweep 
following  bipolaron  formation  and  therefore  the  emergence  of 
this  species  is  not  fully  understood.  We  know  that  once  the 
polymer  films  are  freed  from  an  applied  potential,  they 
gradually  lose  their  red  coloration,  possibly  due  to  reaction  with 
atmospheric  gases.  The  fact  that  species  4  shows  both  bipolaron 
and  neutral  characteristic  spectra  may  mean  that  it  was  doped 
but  is  unstable  in  solution  and  is  converting  back  to  the 
insulating  state.  Another  possible  explanation  is  that  after 
formation,  the  bipolaron  defects  undergo  a  further  potential- 
dependent  structural  relaxation  to  another  form  with  distinctive 
spectroscopy. 

The  result  of  the  deconvolution  were  found  to  be  affected  by 
the  tolerance  limit.  Decreasing  the  tolerance  limit  increases  the 
number  of  iterations  required  to  reach  convergence.  For 
example  decreasing  the  tolerance  limit  by  a  factor  of  1 0  from  the 
example  discussed  above,  to  0.000004,  increases  the  number  of 
iterations  required  to  reach  convergence  to  207.  This  also 
affects  the  relative  height  of  the  380  nm  peak  of  species  4,  which 
increases  with  decreasing  tolerance.  Conversely,  raising  the 
tolerance  to  0.0004  lowers  the  amount  of  iterations  needed  to  21 
and  affects  the  spectrum  of  species  3  in  that  a  380  nm  peak  is 
also  present  in  this  case.  The  spectra  of  species  1  and  2  are  not 
affected  by  these  factors.  This  indicates  that  species  3  and  4  are 
not  well  separated  by  ITTFA, 

To  summarize,  the  ITTFA  concentration  profile  shows  that 
with  increasing  applied  potential  PPE  is  oxidized  to  form 
polarons,  which  initially  are  the  only  charged  species  present. 
Further  increasing  the  applied  potential  leads  to  bipolaron 
formation.  There  is  a  potential  window  in  which  both  coexist, 
but  at  1.07  V  vs.  Fc/Fc*  the  bipolaron  reaches  a  maximum 
concentration  and  all  of  the  polaron  has  been  converted.  This 
corresponds  to  the  PPE  cyclic  voltammetry,  where  the  current 
maximum  for  bipolaron  formation  is  1.19  V  vj.  Fc/Fc-<-. 

Without  deconvolution  of  the  data  it  would  appear  that  the 
fully  p-doped  polymer  consists  of  both  neutral  and  bipolaron 
segments,  with  a  hypsochromic  shift  of  the  404  nm  to  380  nm. 
Using  ITTFA  to  deconvolute  the  spectra  obtained  during 
dialkylpoly(paraphenyleneethynylene)  oxidation  enables  us  to 
obtain  the  spectra  of  the  polymer  polaron  and  bipolaron 
separately  and  to  show  that  there  are  clear  regions  of  stability  for 


Fig.  5  Concentration  profile  showing  species  relative  concentration  as  a 
function  of  applied  potential.  Species  1-4  are  as  detailed  in  Fig.  4. 
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each  species.  We  find  that  the  species  only  coexist  over  narrow 
ranges  of  potential.  Iterative  target  transformation  factor 
analysis  also  shows  the  presence  of  a  fourth  species,  closely 
related  to  the  bipolaron,  which  was  not  observable  without 
spectral  deconvolution. 
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multivariate  optical  computing 
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ABSTRACT 


A  novel  multivariate  visible/NIR  optical  computing  approach  applicable  to  standoff 
sensing  will  be  demonstrated  with  porphyrin  mixtures  as  examples.  The  ultimate  goal  is 
to  develop  environmental  or  counter-terrorism  sensors  for  chemicals  such  as 
organophosphorus  (OP)  pesticides  or  chemical  warfare  simulants  in  the  near  infrared 
spectral  region.  The  mathematical  operation  that  characterizes  prediction  of  properties  via 
regression  from  optical  spectra  is  a  calculation  of  inner  products  between  the  spectrum 
and  the  pre-determined  regression  vector.  The  result  is  scaled  appropriately  and  offset  to 
correspond  to  the  basis  from  which  the  regression  vector  is  derived.  The  process  involves 
collecting  spectroscopic  data  and  synthesizing  a  multivariate  vector  using  a  pattern 
recognition  method.  Then,  an  interference  coating  is  designed  that  reproduces  the  pattern 
of  the  multivariate  vector  in  its  transmission  or  reflection  spectrum,  and  appropriate 
interference  filters  are  fabricated.  High  and  low  refractive  index  materials  such  as  Nb205 
and  SiOa  are  excellent  choices  for  the  visible  and  near  infiared  regions.  The  proof  of 
concept  has  now  been  established  for  this  system  in  the  visible  and  will  later  be  extended 
to  chemicals  such  as  OP  compounds  in  the  near  and  mid-infrared. 


Keywords:  Sensors,  optical  computing,  multivariate  analysis,  visible/NIR,  remote 
sensing,  standoff  sensing 
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1.INTRODUCTION 


106 


A  novel  multivariate  visible/NIR  optical  computing  approach  has  been  established  in  the 
visible  spectral  region  based  on  a  theoretical  assessment  performed  in  1998.[1]  Spectra  of 
mbctures  of  4  porphyrins  in  solution  were  used  as  examples.  The  long-term  objective  is  to 
develop  enviromnental  or  counter-terrorism  sensors  for  field  use  by  the  military  for 
chemicals  such  as  organophosphorus  (OP)  pesticides  or  OP  chemical  warfare  simulants. 
These  sensors  would  be  used  in  the  near  infrared  (NIR)  or,  after  instrumental 
improvements  and  substitution  of  appropriate  infrared  optical  materials,  in  the  mid-IR. 

After  the  acquisition  of  appropriate  spectra,  chemometric  approaches  are  used  to  extract  a 
spectral  pattern  (or  regression  vector)  that  is  correlated  to  the  property  of  interest  but 
orthogonal  to  interferences.  The  magnitude  of  the  spectral  pattern  is  calculated  by  taking 
the  direct  “scalar”  product  between  a  spectrum  and  the  predetermined  regression  vector. 
In  this  paper  we  used  visible  transmission  spectra  of  4  porph)Tins,  treating  one  as  an 
analyte  and  three  as  interferents  as  proof  of  concept  for  chemicals  of  military  interest  in 
the  near  and  mid  ER  spectral  region.  Porphyrin  solutions  were  prepared  using  mixtures 
generated  with  random  numbers  to  make  sure  that  the  components  were  varied 
independently.  The  resulting  transmission  spectra  were  spectrally  corrected  and  used  to 
calculate  a  regression  vector  and  to  design  an  appropriate  target  filter. 

The  all-optical  approach  we  describe  centers  on  the  production  of  an  interference  f.f>ating 
whose  transmission  spectrum  incorporates  features  of  the  spectral  regression  vector.[2] 
The  concept  of  using  interference  coatings  for  chemical  measurement  vectors  in 
spectroscopy  was  pioneered  by  Bialkowski  more  than  a  decade  ago.  [3]  The  interference 
filter  was  produced  in  hotise  using  reactive  magnetron  sputtering  of  multilayers  of  niobia 
and  silica  (high  and  low  refractive  indices,  respectively)  using  software  in  house 
software. 

The  resulting  interference  filter  produced  in-house  is  used  as  a  beam-splitter  in  a 
prototype,  rugged,  compact  field  instrument  shown  in  Figure  1.  In  this  sensor  the 
difference  between  the  transmitted  and  reflected  beams  will  be  proportional  to  the 
regression  vector.  The  device  containing  the  actual  filter  was  tested  with  random 
mixtures  of  porph3rrin  solutions.  The  random  error  of  prediction  for  the  experiments  on 
the  actual  filter  value  was  foimd  to  be  greater  than  the  theoretical  error  for  that  filter 
design,  as  expected.  The  error  was  still  much  less  than  would  have  been  expected  from  a 
conventional  notch  filter  covering  the  same  spectral  region. 


2.  EXPERIMENTAL 

The  experimental  approach  and  apparatus  have  been  described  elsewhere.  Briefly,  a 
Hewlett-Packard  UV-Vis  diode  array  spectrophotometer  Model  8543  was  used  to  collect 
transmission  and  absoiption  data  on  quaternary  porphyrin  mixtures  for  this  study.  A 
compact  prototype  field  instrument  (Figurel)  was  designed  and  constructed  to  show 
proof  of  concept  in  the  visible  using  Linos  Photonics  (Milford,  MA)  optical  components. 
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The  characteristics  of  bandpass  filters,  lamps  and  detectors  in  the  prototype  instrument 
were  used  to  convert  transmittance  spectra  of  calibration  samples  into  detector  spectral 
responses. 

A.  6V/6W  tungsten  filament  lamp  with  1  x  1.2mm  active  filament  area  was  used  as  a  light 
source  in  the  prototype  instrument.  The  spectral  radiance  of  the  lamp  was  measured  in 
watts  per  (steradians  x  cm^  x  nm),  with  a  charge  coupled  device  (CCD)  spectrometer 
system  consisting  of  a  Chromex  250IS  spectrometer  with  300  grooves/mm  grating  and  a 
Princeton  Instruments  1100  x  300  pixel  CCD  camera,  (Model  TIE/CCD- 1100-PE).  The 
input  optics  on  the  spectrometer  system  are  shown  in  figure  1 .  For  these  measurements, 
the  operating  voltage  the  lamp  was  fixed  at  5.76V.  The  wavelength  range  of  the  CCD 
camera/spectrometer  system  was  calibrated  with  a  standard  mercury  Pen-Ray  lamp  and  a 
standard  neon  lamp.  The  spectral  radiance  of  the  lamp  under  these  conditions  was 
calibrated  against  an  OL  series  455  integrating  sphere  standard  lamp  (Optronic 
Laboratories  Inc.)  operated  imder  standard  conditions. 

The  two  Si  photodiode  active  detectors  were  type  BPW2I  with  a  sensitive  area  of  2.7  x 
2.7  mm^,  spectral  range  320-820  nm  and  radiance  sensitivity  at  the  peak  wavelength  (550 
nm)  of  3.8  V/nm.  The  relative  signal  intensity  (detector  response)  versus  wavelength  was 
estimated  from  a  Linos  Photonics  data  sheet  with  values  measured  at  25  degrees  and  12 
V  DC  supply  voltage. 

The  filter  bandpass  set  used  to  isolate  the  region  from  400  nm  to  650  nm  consisted  of  two 
3  mm  thick  Schott  glass  filters  (Duryea,  PA)  BG-39  and  DG-400. 

The  quaternary  porphyrin  mixtures  for  testing  multivariate  optical  element  (MOE)  filter 
design  were  prepared  from  four  uroporphyrins  I  (free  base  or  Ha.  Cu  (II),  Ni  (II),  and  Sn 
(fVOCla)  dissolved  in  IM  ammonium  hydroxide.  These  uroporphyrins  were  obtained 
from  the  Porphyrin  Products  division  of  Frontier  Scientific  Inc.  (Logan,  UT).  The  stock 
solutions  were  Ha  at  106,  Sn  (IV)Cla  at  57.4,Cu  at  62.6,  and  Ni  at  56.1  micromoles, 
respectively.  Random  numbers  were  generated  and  applied  to  stock  solutions  of  the 
porphyrins  with  dilution  so  that  the  relative  concentrations  of  the  four  porphyrins  varied 
independently.  The  random  numbers  were  also  chosen  to  make  sure  that  the 
transmittance  spectra  of  the  diluted  mixtures  were  between  30%  and  70%.  Forty 
quaternary  porphyrin  solutions  were  prepared  and  their  transmission  spectra  were 
measured.  These  spectra  after  appropriate  corrections  were  used  to  design  the  filter. 
When  the  filter  was  designed  and  produced,  20  additional  solutions  were  prepared  in  a 
similar  manner.  Ten  of  these  were  used  to  calibrate  the  instrument,  and  10  were  used  as  a 
validation  set.  The  Cu  uroporphyrin  was  selected  as  the  analyte  and  the  other  three 
uroporphyrins  were  regarded  as  uncorrelated  interferents  whose  concentrations  varied 
randomly. 

The  MOE  filter  was  manufactured  via  reactive  magnetron  sputtering  (RMS).  The 
sputtering  system  (Model  CV  5.1)  was  custom-manufactured  by  Corona  Vacuum  Coaters 
of  Vancouver,  B.  C.  Operating  at  room  temperature,  the  system  utilizes  a  40  kHz  mid¬ 
frequency  RF  supply  to  power  four  water-cooled  planar  magnetrons  positioned  in  pairs 


Proc.  SPlEVoi.4199 


107 


36 


around  a  drum  that  rotates  about  a  horizontal  axis.  The  coating  chamber  contains  4  inch  x 
10  inch  magnetron  targets,  two  containing  niobium  (99.95  %,  high  index)  and  two 
containing  silicon  (99.9999%  pure,  low  index).  Each  magnetron  target  is  powered  at 
about  0.7  kW,  although  the  power  is  varied  during  deposition  for  fine  control  over  the 
deposition  rate.  The  RMS  process  was  used  to  deposit  alternating  layers  of  niobium 
pentoxide  (Nb205)  and  silicon  dioxide  (SiCh)  films  by  reaction  with  oxygen  in  the  gas 
mixture.  Deposition  was  carried  out  on  a  1-inch  BK-7  glass  substrate  according  to 
prescribed  multilayer  coating  thicknesses. 

TFCalc,  a  commercial  software  product  from  Software  Spectra  Inc.  (Portland,  OR),  was 
used  to  synthesize  multilayer  thin  film  designs  to  match  a  spectral  target.  An  in-house 
thin  film  design  program  written  in  the  MATLAB  programming  environment 
(MathWorks  Inc.,  Natick  MA)  was  used  to  design  simpler  multilayer  structures  for 
chemical  prediction.  The  details  of  the  chemometric/software  approach  will  be  reported 
elsewhere.[4] 


3.  RESULTS  AND  DISCUSSION 

Figure  1  shows  the  experimental  setup  for  implementing  the  single  filter  design  in  a 
simple  transmission  measurement.  In  this  system,  a  spatial  filter  and  collimating  lens  are 
used  to  restrict  the  angular  dispersion  of  light  reaching  the  bandpass  filter  set  and  then 
through  a  10  mm  I.D.  fused  silica  cell  containing  a  porphyrin  mixture  solution.  The  light, 
after  passing  through  the  sample  cell,  then  hits  the  multivariate  optical  element  (MOE) 
interference  filter  employed  in  a  beam  splitter  arrangement  at  approximately  45  degrees 
with  part  of  the  light  being  reflected  to  a  detector  and  part  being  transmitted  to  a  similar 
detector. 

The  spectrum  of  the  45-degree  MOE  is  designed  to  be 

T(X)=0.5+/-L(X), 

where  T  is  the  filter  transmittance  function  and  L.  The  reflectance  may  be  represented  by 
R  (wavelength)  =  0.5  -/+  L  (wavelength).  The  difference  between  these  values  is 
proportional  to  the  spectral  regression  vector,  while  the  sum  of  die  two  is  independent  of 
the  spectral  vector. 

Figure  2  shows  the  transmission  spectra  for  a  series  of  40  mixtures  of  these  porphyrins, 
mixtures  in  which  the  concentration  of  the  4  porphyrins  are  varied  independently  of  one 
another  based  on  a  random  number  generator.  Cu(II)  uroporphyrin  I  was  chosen  as  the 
analyte  and  the  other  3  uroporphyrins  were  taken  as  interferents.  Before  calculation  of  a 
regression  vector,  the  transmission  spectra  are  converted  into  system  rmits  by  measuring 
the  spectral  radiance  of  the  light  source  to  be  used  for  illumination  of  the  sample,  the 
transmittance  of  a  spectral  bandpass  filter  set,  and  the  spectral  sensitivity  of  the  detector 
selected  for  the  measurement.  The  product  of  these  factors  as  described  elsewhere  with 
the  sample  transmittance  spectra  gives  the  system-corrected  spectra  shown  in  Figure  3. 
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An  interference  filter  was  designed  using  our  in-house  sottware  lo  u.c 

error  of  prediction  (SEP).  Figure  4  shows  the  transmission  spectra  of  the  actoal  filter 

compared  with  the  theoretical  filter  transmission  spectra.  The 

system,  assuming  a  filter  with  the  exact  spectrum  of  the  theoretical  filter,  is  0.59  pM.  We 

should  expect  some  degradation  in  the  SEP  as  a  result  of  spectral  mismatch  (reference  4 

describes  how  spectral  tolerance  in  a  coating  is  obtained  from  the  spectral  variance). 

We  used  10  uropoiphyrin  mixtures  as  a  test  set  to  determine  the  optimum  value  of  Cm 
the  following  equation:  Pred  =  k  (T-CR).  C  in  this  equation  is  a  correction  for  fte 

differing  responsivities  of  two  different  detectors  due  to  factors  such  as  gam  resis  or 
variation,  etc.  k  in  this  equation  is  the  gain  factor  for  prediction  (Pred).  10  more 
uroporphyrin  samples  were  used  to  validate  the  system.  Figure  5A  shows  th^e  actual 
concentration  of  Cu(II)  uroporphyrin  I  as  a  function  of  the  measured  value  of  T-CR  for 
the  data  set  used  to  determine  C,  while  figure  5B  shows  the  validation  set.  The  calculated 
SEP  from  these  data  is  0.86  pM,  only  slightly  worse  than  the  theoretical  best  value  ol 

0.59. 
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Figure  1:  Prototype  field  Instrument  utilizing  multivariate  optical  element  (MOE) 
interference  filter  as  beam-splitter.  T  =  transmittance,  R  =  reflectance,  L  =  spectral 
vector 
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Comparison  of  the  theoretical  filter  spectrum  and  the  experimental  filter 
spectrum  for  the  quaternary  porphyrin  mixture  MOE 


thaory 


Figure  4:  Comparison  of  the  theoretical  filter  spectrum  and  the  experimental  filter 
spectrum  for  the  quaternary  porphyrin  mixture  multiple  optical  element  (  MOE )  filter. 
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Figure  5  A:  Concentration  of  Cu  (11)  uroporphyrin  in  ten  test  uroporphyrin  mixtures  vs.  T- 
R  (the  difference  between  the  two  detector  readings)  multiplied  by  a  correction  factor. 


Figure  5B:  Predicted  vs.  actual  concentrations  for  the  Cu  (H)  uroporphyrin  in  ten 
validation  uroporphyrin  mixtures. 
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Design  and  Testing  of  a  Multivariate  Optical 
Element:  The  First  Demonstration  of  Multivariate 
Optical  Computing  for  Predictive  Spectroscopy 

O,  Soyemi,^  D.  EastwoodJ  L.  Zhang,^  H.  Li,^  J.  Karunamuni,^  P.  Gemperline,*  R.  A.  Synowicki  ^  and 
M.  L.  Myrick*'^ 

Department  of  Chemistry  and  Biochemistry,  University  of  South  Carotins,  Coiumbia,  South  Carolina  29208,  Department  of 
Chemistry  and  Biochemistry,  East  Carolina  University,  Greenville,  North  Carolina  27258,  and  J.  A.  Wooilam  Company  Inc., 
645  M  Street,  Suite  102,  Lincoln,  Nebraska  68508 


A  demonstration  of  multivariate  optical  computing  is 
presented  using  binary  dye  mixtures  consisting  of  Bis¬ 
marck  Brown  and  Ciystal  Violet.  Bismarck  Brown  was 
treated  as  the  analyte,  while  Crystal  Violet  was  treated  as 
a  random  interfering  species.  First,  a  multilayer  multi¬ 
variate  optical  element  (MOE)  for  the  determination  of 
Bismarck  Brown  was  designed  using  a  novel  nonlinear 
optimization  algorithm.  Next,  the  MOE  was  fabricated  by 
depositing  alternating  layers  of  two  metal  oxide  films 
(NbaOs  and  SiOz)  on  a  BK-7  glass  substrate  via  reactive 
magnetron  sputtering.  Finally,  the  MOE  was  tested  on  39 
binary  dye  mixtures  using  a  simple  T-format  prototype 
instrument  constructed  for  this  purpose.  For  each  sample, 
measurements  of  the  difference  between  transmittance 
through  the  MOE,  and  the  reOectance  from  the  MOE  were 
made.  By  setting  aside  some  of  the  samples  for  instrument 
calibration  and  then  using  the  calibration  model  to  predict 
the  remaining  samples,  a  standard  error  of  prediction  of 
0.69  fiM  was  obtained  for  Bismarck  Brown  using  a  linear 
regression  model. 


Multivariate  calibration  is  an  established  tool  in  chemometrics 
for  the  correlation  of  a  physical  or  chemical  property  of  interest 
to  information  spanning  multiple  wavelength  channels  in  optical 
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spectroscopy. The  conventional  application  of  this  tool  in 
chemical  analysis  entails  first  the  acquisition  of  optical  spectra  in 
the  appropriate  wavelength  region  (typically  from  the  ultraviolet 
to  the  mid-infrared).  Next,  chemometric  tools  are  used  to  extract 
a  spectral  pattern  (the  regression  vector)  which  is  correlated  to 
the  property  of  interest  but  orthogonal  to  interferences.^  Prediction 
of  the  property  in  an  unknown  sample  is  then  carried  out  by 
determining  the  magnitude  of  the  spectral  pattern  in  the  optical 
spectrum  of  the  sample.  More  specifically,  the  magnitude  is 
calculated  by  taking  the  inner  product  of  the  regression  vector 
and  the  optical  spectrum  of  the  unknown  sample.  A  major 
drawback  in  the  widespread  use  of  multivariate  calibration, 
especially  for  field  applications,  is  its  dependence  on  expensive 
and  bulky  laboratory-type  equipment  for  data  acquisition  and 
analysis. 

A  recent  publication  from  our  laboratory^  addressed  from  a 
theoretical  standpoint  the  feasibility  of  using  optical  computing 
in  predictive  spectroscopy  to  simplify  and  harden  the  apparatus 
necessary  for  chemical  prediction.  The  first  reports  of  a  related 
hypothetical  optical  approach  to  multivariate  chemical  measure¬ 
ment  were  those  of  Bialkowski.®  The  use  of  a  single  multivariate 
optical  element  (MOE)  in  a  beam  splitter  configuration  has  also 
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Figure  1.  Schematic  of  a  multivariate  optical  computing  system  for 
the  measurement  of  BB  in  a  binary  dye  mixture.  Key:  MOE, 
multivariate  optical  element;  SC,  quartz  sample  celt;  OB,  optica!  block; 
BP,  band-pass  filter  set  consisting  of  two  3-mm  Schott  glasses;  CL, 
achromatic  collimating  lens;  L,  tungsten  halogen  lamp;  P,  pinhole; 
D1/D2,  Si  photodiode  detectors  for  light  radiation  transmitted  through 
and  reflected  from  the  MOE;  F1/F2,  focusing  lens. 


been  described  for  the  same  purpose,^  a  permutation  most  similar 
to  that  proposed  by  Ryabenko  and  Kasparov.®  The  all-optical 
approach  proposed  by  our  laboratory  differs  from  previous  work 
by  centering  around  the  production  of  one  or  more  optical 
interference  coatings  whose  transmission  spectra  incorporate 
features  of  a  spectral  regression  vector.  Such  interference  filters 
based  on  multivariate  spectroscopy  will  be  referred  to  as  MOEs. 
MOEs  have  never  been  demonstrated  as  a  tool  for  actual  chemical 
measurement,  however. 

This  report  details  the  first  demonstration  of  multivariate 
optical  computing  (MOC)  using  an  MOE.  Simple  binary  dye 
mixtures  of  Bismarck  Brown  (BB)  and  Ciystal  Violet  (CV)  were 
selected  to  design  a  MOE  that  would  test  the  concept  of  all-optical 
prediction.  The  experiments  reported  below  consist  of  several 
elements.  First,  the  optical  properties  of  all  the  pertinent  compo¬ 
nents  of  a  simple  T-format  spectroscopic  system  were  evaluated. 
Second,  spectra  of  a  series  of  binary  dye  mixtures  were  recorded 
and  converted  to  a  spectral  radiance  scale  for  chemometricinter- 
pretation.  Third,  a  theoretical  design  for  a  MOE  suitable  to  this 
measurement  was  generated.  Fourth,  the  MOE  was  fabricated 
in-house.  Finally,  the  MOE  was  installed  in  our  T-format  instru¬ 
ment  and  measurements  of  calibration  and  validation  samples 
were  performed. 

EXPERIMENTAL  SECTION 

Owing  to  the  possible  confusion  between  dimensions  for 
wavelength  and  layer  thicknesses,  in  the  following  we  will 
uniformly  employ  the  units  “nanometer”  for  dimensions  of 
wavelength  and  “angstroms”  for  units  of  film  thickness. 

Demonstration  of  the  MOC  technique  was  carried  out  on  a 
compact  T-format  instrument  (Figure  1),  which  was  constructed 
using  Linos  Photonics  (Milford,  MA)  optical  components. 

A  6-V/6-W  tungsten  filament  lamp  (Linos  Photonics)  with  1  x 
1.2  mm  active  filament  area  was  used  as  a  light  source  for  the 
test  instrument.  The  spectral  radiance  of  the  lamp  was  measured 

(7)  Myrick.  M.  L.  Soyemi,  0.:  Karunamuni,  J.;  Eastwood.  D.;  Li,  H.;  Zhang, 

L.;  Gemperline,  P.  Vib.  Spectrosc..  in  press. 

(8)  Ryabenko,  A.;  Kasparov.  V.  Pattern  Recognit  Image  Anal  1991,  i.  347- 

354. 
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in  W/sr*cm2-nm  with  a  CCD  spectrometer  system  consisting  of 
a  Chromex  250IS  spectrometer  with  a  300  line/mm  grating  blazed 
at  500  nm  and  a  Princeton  Instruments  1100  x  300  pixel  CCD 
camera,  model  TE/CCD-llOO-PE.  The  input  optics  on  the  spec¬ 
trometer  system  were  duplicates  of  the  Figure  1  system.  For  these 
measurements,  the  operating  voltage  for  the  lamp  was  fixed  at 
5.76  V.  The  wavelength  range  of  the  camera/spectrometer  system 
was  calibrated  with  a  standard  mercuiy  pen  lamp  and  a  standard 
neon  lamp.  The  spectral  radiance  of  the  lamp  under  these 
conditions  was  calibrated  against  an  OL  series  455  integrating 
sphere  calibration  standard  lamp  (Optronic  Laboratories  Inc.) 
operated  under  standard  conditions. 

The  two  Si  photodiode  active  detectors  were  type  BPW21 
(Linos  Photonics)  with  a  sensitive  area  of  2.7  mm^,  spectral  range 
of  320-880  nm,  and  radiant  sensitivity  at  the  peak  wavelength 
(550  nm)  of  3.8  V/mW,  The  relative  spectral  sensitivity  of  the 
detector  wavelength  was  estimated  from  a  Linos  Photonics  data 
sheet  giving  values  measured  at  25  °C  and  12-V  dc  supply  voltage. 

A  band-pass  filter  set  was  used  to  isolate  the  spectral  region 
between  400  and  650  nm  in  which  the  visible  absorbances  of  the 
two  dyes  are  found.  The  band-pass  set  consisted  of  two  3-mm- 
thick  Schott  glass  filters  (Duryea,  PA)  BG-39  and  GG400, 

Water-soluble  dyes  obtained  from  Aldrich  Chemical  Co.  The 
dyes  were  Bismarck  Brown  =  457  nm,  dye  content  50%) 
and  Crystal  Violet  (A^ax  =  590  nm,  ACS  reagent  grade,  dye  content 
95%).  Stock  solutions  in  distilled  water  of  BB  at  a  concentration 
of  82.3  (M  and  CV  at  a  concentration  of  37.7  ^M  were  prepared. 

Forty  mixtures  of  BB  and  CV  were  prepared  by  dilution  of 
the  stock  solutions  in  order  to  obtain  data  for  multivariate 
calibration.  These  mixtures  were  made  with  known  random 
concentrations  of  each  dye  to  ensure  that  the  concentrations  of 
the  two  dyes  were  varied  independently.  The  ranges  over  which 
the  concentrations  of  BB  and  CV  were  varied  were  chosen  to 
ensure  that  the  minimum  transmittance  of  the  diluted  mixtures 
in  the  400-650-nm  window  were  between  30  and  70%.  BB  was 
selected  as  the  analyte  because  the  spectrum  of  CV  was  an 
interference  at  all  wavelengths  over  which  BB  absorbed.  CV  was 
treated  as  an  uncorrelated  interference.  Optical  spectra  were 
recorded  on  a  Hewlett-Packard  UV— visible  diode  array  spectrom¬ 
eter  (model  8543).  The  samples  were  measured  in  a  1-cm  fused- 
silica  cell  (Stama  Cells  Inc.,  Atascadero,  CA). 

Following  data  collection  and  radiometric  corrections  for  lamp 
intensity,  detector  response,  and  band-pass,  design  of  MOE 
coatings  was  performed  in  two  different  ways.  First,  a  spectral 
vector  based  on  a  principal  components  regression  (PCR)  model 
with  four  components  was  defined,  and  an  iterative  spectral- 
matching  synthesis  was  performed.  This  procedure  used  TFCalc, 
a  commercial  software  product  from  Software  Spectra,  Inc. 
(Portland,  OR) .  The  second  approach  began  by  synthesizing  a 
crude  filter  design  based  on  spectral  matching  to  the  PCR  vector. 
The  result  of  the  crude  spectral  match  was  then  used  to  initialize 
a  nonlinear  least-squares  optimization  routine  to  produce  the  final 
filter  design.®  The  nonlinear  least-squares  algorithm  was  written 
in-house  in  the  MATLAB  programming  environment.  More  detail 
is  provided  in  the  discussion  below. 


(9)  Soyemi.  O.;  Gemperline.  P.  J.;  Zhang,  L.;  Eastwood,  D.;  Li,  H.;  Myrick,  M. 
L.,  in  preparation. 
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Wavelength 

Figure  2.  Real  refractive  indices  of  Nb205  (solid  line)  and  SiOa 
(dashed  line)  deposited  in  the  USC  deposition  chamber  in  the 
vi/avelength  region  between  400  and  600  nm  as  determined  from 
variable-angle  spectroscopic  ellipsometry.  The  left  axis  gives  values 
for  real  indices.  Imaginary  refractive  indices  are  indicated  by  -f 
(Nb205)  and  o  (Si02)  on  the  right  axis. 

The  MOE  was  manufactured  via  reactive  magnetron  sputtering 
(RMS).  Our  sputtering  system  (model  CV  5.1)  was  custom- 
manufactured  by  Corona  Vacuum  Coaters  of  Vancouver,  BC.  The 
system  operates  at  room  temperature  and  utilizes  a  40-kHz 
midfrequency  rf  supply  to  power  four  water-cooled  planar  mag¬ 
netrons  positioned  in  pairs  around  a  drum  that  rotates  about  a 
horizontal  axis.  The  coating  chamber  is  55.9  cm  in  diameter  and 
50.8  cm  deep  and  contains  10.1  cm  x  25.4  cm  magnetron  targets, 
two  containing  niobium  (99.95%  pure,  high  index)  and  two 
containing  silicon  (99.9999%  pure,  low  index).  Each  magnetron 
target  is  powered  at  ~0.7  kW,  although  the  power  is  varied  during 
deposition  as  one  method  of  controlling  deposition  rate.  The  RMS 
process  was  used  to  deposit  alternating  layers  of  niobium  pent- 
oxide  and  silicon  dioxide  films  by  reaction  with  oxygen  in  the 
gas  mixture.  MOE  designs  require  accurate  knowledge  of  the 
optical  constants  of  the  coating  materials.  Figure  2  shows 
experimental  measurements  of  the  real  and  imaginary  refractive 
indices  of  Nb205  and  Si02  deposited  in  our  chamber  as  determined 
by  variable-angle  spectroscopic  ellipsometry. 

The  MOE  tested  here  was  fabricated  on  a  2.54-cm  BK-7  glass 
substrate.  Layer  deposition  was  optically  monitored  on-line  with 
a  1200  line/mm  grating  monochromator  (model  9030,  Sciencetec, 
London,  ON,  Canada)  blazed  at  250  nm.  Light  detection  was 
achieved  using  a  photomultiplier  tube  (model  H5784-03,  Hamamat¬ 
su,  Japan).  Visible  light  was  obtained  from  a  tungsten  filament 
lamp  (Gilway  Technical  Lamps,  Waltham,  MA).  After  MOE  design 
was  completed,  the  interference  effects  on  transmission  for  each 
layer  were  computed  at  all  accessible  monitoring  wavelengths. 
The  system  can  currently  monitor  wavelengths  between  420  and 
600  nm  with  ~l-nm  resolution,  and  thus  ~180  different  “monitor 
curves”  were  produced  for  each  layer.  From  the  180  possible 
curves,  the  optimum  wavelength  for  monitoring  and  controlling 
the  deposition  of  each  layer  was  selected  based  on  a  set  of  criteria 
developed  as  a  result  of  experience  in  our  laboratory.  Process 
control  of  the  deposition  process  was  performed  with  in-house 
software  written  in  the  Lab  VIEW  5.1  programming  environment 
that  operated  in  concert  with  the  system  control  software  provided 
by  Corona  Vacuum  Coaters.  The  two  software  packages  used  the 


selected  monitor  curves  to  deposit  each  filter  layer  as  accurately 
as  possible.  More  detail  is  provided  in  the  discussion  below. 

After  the  production  of  the  MOE  as  described  above,  it  was 
installed  in  the  T-format  instrument  shown  in  Figure  1.  A  total  of 
39  new  samples  of  BB  and  CV  were  prepared  using  the  random 
number  generation  described  above.  The  difference  between  the 
signal  due  to  light  transmission  through  the  sample  followed  by 
transmission  through  the  optical  filter  (aligned  at  -45°)  and  light 
transmission  through  the  sample  followed  by  reflection  from  the 
surface  of  the  optical  filter  was  measured  for  each  sample.  Twenty 
of  these  measurements  were  used  for  calibrating  the  instrument 
(determining  the  optimum  relative  gain  factor  for  the  two  detec¬ 
tors,  vide  infra),  while  the  remaining  19  samples  were  used  to 
validate  the  calibration  model. 

The  relative  gain  factor  described  above  is  used  to  correct  for 
the  fact  that  the  two  detectors  illustrated  in  Figure  1  have  slightly 
different  responsivities.  These  different  responsivities  can  result 
from  variance  in  the  electronics  of  the  two  detectors  or  from  other 
causes.  When  performing  calculations  using  two  detectors  in  our 
setup,  we  used  a  set  of  calibration  samples  to  obtain  measurements 
of  transmittance  and  reflectance  and  then  varied  an  empirical 
relative  gain  factor  (called  K  in  the  discussion  below)  until  the 
best  correlation  was  obtained.  This  optimum  gain  factor  was  then 
used  for  future  experiments. 

RESULTS  AND  DISCUSSION 

Single  MOEs  can  be  designed  for  chemometric  prediction  by 
using  them  in  a  beam  splitter  arrangement  as  shown  in  Figure 
1.^  Consider  the  optical  transmission  spectrum  of  an  MOE  to  be 
T(A)  =  0.5  +  L(A),  where  L(/)  is  a  spectral  pattern  that  can  also 
be  represented  in  vector  form  as  I.  Assuming  negligible  absor¬ 
bance  in  the  MOE.  the  difference  between  the  intensity  of  light 
transmitted  through  the  MOE  (t  •  xj  and  light  reflected  from  it 
(r  •  Xi)  is  proportional  to  the  scalar  product  of  the  vector  1  with 
the  sample  spectrum  vector  for  the  Ah  sample,  X/ 

t  •  X;  -  r  •  X,  =  (t  -  r)  •  X,.  = 

((0.5 -fj)  -  (0.5-1))  -x.^l-x,  (1) 

In  this  measurement  paradigm.  1  can  be  chosen  to  be  proportional 
to  a  regression  vector  for  a  dependent  sample  variable.  Because 
an  MOE  must  have  transmittance  values  between  0  and  1 
inclusive,  1  can  have  a  magnitude  no  greater  than  0.5  at  any 
wavelength.  For  reasons  of  improving  signal-to-noise  ratio,  the 
magnitude  of  I  should  be  made  as  large  as  possible,  subject  to 
this  limitation.  Thus,  the  scalar  product  of  this  vector  with  the 
spectral  vector  is  proportional  to  the  value  of  the  dependent 
variable  (yj,  with  a  proportionality  constant  we  will  represent  by 
G/m  (where  rn  is  the  number  of  wavelength  channels  in  the 
vectors)  and  an  offset  (off): 

=  {G/rn){\  •  x)  -f  off  (2) 

To  achieve  this,  the  spectrum  of  the  45°  filter  (the  MOE  in  Figure 
1)  must  be  designed  such  that  an  optimal  multivariate  regression 
vector  can  be  derived  from  it  that  results  in  the  best  possible 
standard  error  of  sample  prediction  (SEP).  This  regression  vector, 
according  to  equation  two,  is  the  vector  R  -  (G/rn)l 
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1 .  Selection  of  the  Spectral  Window  and  Spectral  Mode. 
Although  MOC  should  function  in  many  linear  types  of  spectros¬ 
copy,  the  most  convenient  and  most  basic  multivariate  measure¬ 
ment  to  set  up  is  spectral  absorbance.  MOC  should  also  function 
in  any  spectral  range  where  good  optical  elements  can  be 
produced.  However,  in  our  laboratory,  our  experimental  system 
lends  itself  most  conveniently  to  measurements  in  the  visible 
spectroscopic  region.  This  is  because  our  MOE  fabrication  system 
is  presently  process-controlled  using  an  optical  monitor  between 
420  and  600  nm.  We  elected  to  make  measurements  of  mixtures 
of  visible-absorbing  dyes  in  the  spectral  window  between  ap¬ 
proximately  420  and  600  nm. 

Absorbance  is  nominally  linear  in  concentration  within  the 
limits  over  which  Beer’s  law  holds.  A  radiometric  measurement, 
however,  is  more  directly  related  to  transmittance  of  the  sample 
than  absorbance,  and  transmittance  is  logarithmically  related  to 
concentration.  Nevertheless,  a  number  of  studies  correlating 
single-beam  and  radiometric  measurements  to  chemical  properties 
using  linear  chemometric  models  have  been  performed  with  some 
success.^®'”  In  the  limit  of  low  absorbances,  transmittance  varies 
linearly  with  concentration;  even  for  high  absorbances,  transmit¬ 
tance  can  be  considered  piecewise  linear  with  concentration.  Also, 
it  has  been  shown  that  linear  multivariate  calibration  methods  such 
as  PCR  and  partial  least-squares  regression  (PLS)  can  satisfactorily 
model  nonlinear  responses  by  the  inclusion  of  extra  factors  or 
latent  variables  in  the  calibration  model. |n  the  following 
discussion,  the  raw  data  from  which  an  MOE  is  designed  will  be 
analyzed  in  both  transmittance  and  absorbance  modes  for  com¬ 
parison  purposes  to  evaluate  how  the  nonlinearity  of  transmittance 
with  concentration  affects  the  resulting  prediction  error. 

Since  measurement  by  an  MOE-based  instrument  is  inherently 
radiometric  in  nature,  a  number  of  factors  not  normally  considered 
in  absorption  measurements  must  be  quantitatively  evaluated. 
These  include  the  following:  (a)  the  spectral  radiance  of  the 
source,  (b)  the  transmittance  of  the  samples,  (c)  the  transmittance 
of  any  band-pass-selection  filter,  (d)  the  spectral  sensitivity  of  the 
detector,  and  (e)  the  determination  of  the  effective  band-pass. 
Once  these  factors  are  known,  the  design  of  an  MOE  must  be 
conducted  via  iterative  thin-film  synthesis  subject  to  suitable 
starting,  optimization,  and  stopping  criteria.  Following  thin-film 
design,  the  precision  of  the  fabrication  process  must  be  extreme. 
This  requires  a  real-time  monitoring  system  with  suitable  control 
software  and  accurate  knowledge  of  the  optical  constants  of 
materials  involved  in  fabrication.  Only  after  all  these  issues  have 
been  dealt  vwth  and  concluded  satisfactorily  can  the  final  system 
be  evaluated.  The  following  sections  describe  each  of  these  basic 
considerations  in  detail. 

2.  Radiometric  Correction  of  Spectral  Data.  A  realistic 
representation  of  the  MOC  instrument  detector  signal  must 
include  a  convolution  of  the  following  radiometric  quantities:  the 
detector  sensitivity,  the  spectral  radiance  of  the  source,  the 
spectral  band-pass,  and  the  sample  transmittance,  all  of  which  are 
functions  of  wavelength.  Figure  3  shows  the  transmittance  spectra 
of  40  mixtures  of  the  two  dyes  in  the  region  between  400  and  650 

(10)  Ding,  Q.:  Small.  G.  W.;  Arnold,  M.  A.  Appl.  Spectrosc.  1999,  53,  402-414. 

(11)  Hazen.  K.  H.;  Arnold,  M.  A.;  Small.  G.  W.  Anal  Chim.  Acta  1998,  371, 

255-267. 

(12)  Gemperline,  P.  J.;  Long,  J,  R.;  Gregoriou,  V.  G.  Anal.  Chem.  1991,  63, 

2313-2323. 
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Figure  3.  Transmittance  spectra  of  40  binary  mixtures  of  Bismarck 
Brown  and  Crystal  Violet  acquired  on  a  UV-visible  diode  array 
spectrometer. 


nm  (with  concentration  and  wavelength  ranges  similar  to  those 
described  above). 

In  ordinary  chemometric  applications,  out-of-band  light  can  be 
eliminated  by  simply  ignoring  it.  That  is,  light  from  the  sample 
that  is  not  in  the  range  over  which  the  chemometrics  is  performed 
does  not  have  to  be  sampled.  In  the  MOC  measurement,  however, 
band  selection  filters  must  be  used  to  obtain  this  result.  To  ensure 
that  light  from  outside  the  wavelength  range  of  our  targeted 
response  window  is  not  transmitted  through  the  MOE  onto  the 
detector,  a  colored-glass  band-pass  filter  set  whose  transmittance 
profile  is  shown  in  Figure  4A  was  used. 

Si  photodiode  detectors  were  selected  for  the  dual-channel 
measurement  system  (Figure  1).  Figure  4B  shows  a  plot  of  the 
detector  spectral  sensitivity  versus  wavelength  as  estimated  from 
a  manufacturer-provided  graph.  The  sensitivity  reaches  a  maxi¬ 
mum  at  ~550  nm  and  tapers  off  in  the  short-wavelength  near- 
infrared  region  (not  shown  in  the  figure). 

A  tungsten  filament  lamp  was  selected  to  serve  as  a  light  source 
for  the  measurement.  These  lamps  are  approximately  blackbody- 
type  emitters,  with  a  spectral  radiance  maximum  in  the  near- 
infrared.  Figure  4C  shows  the  spectral  flux  (in  W/nm)  of  our 
tungsten  filament  lamp  after  passing  through  a  1-mm  pinhole.  The 
spectral  flux  profile  was  obtained  by  correcting  the  measured 
spectral  radiance  profile  for  the  active  solid  angle  (=(3/4) 
sr,  where  r  and  /are  the  radius  and  focal  length  of  the  focusing 
lens  in  the  calibration  system,  respectively)  and  the  active  pinhole 
area  where  rp  is  the  radius  of  the  pinhole). 

Figure  4D  shows  the  sample  transmittance  spectra  corrected 
for  the  radiometric  quantities  described  above,  and  they  represent 
the  spectral  signal  for  each  sample. 

3.  MOE  Design.  An  initial  permutation  of  the  MOC  technique 
was  proposed  which  involved  the  reproduction  of  the  positive  and 
negative  lobes  of  the  PCR  regression  vector  on  two  separate  filter 
elements.®  In  this  original  conception,  the  light  transmitted 
through  two  MOEs  is  separately  detected  to  give  a  difference 
signal  that  is  proportional  to  the  sample  concentration.  The  MOC 
configuration  used  in  the  study  requires  only  a  single  MOE  in  a 
T-format  configuration  in  which  the  MOE  acts  as  a  45°  beam 
splitter.  Because  of  this,  the  MOE  is  designed  to  operate  at  this 
angle.  Coatings  at  nonnormal  incidence  are  prone  to  strong 
polarization  effects.  However,  our  calculations  assumed  completely 
unpolarized  light  since  the  light  source  for  the  instrument  is  an 
on-axis  tungsten  lamp.  The  algorithm  thus  designs  a  coating  for 


49 


Figure  4.  (A)-(C)  are  the  characteristics  of  selected  radiometric  quantities  for  the  T-fonmat  measurement  system  in  Figure  1;  (A)  Band-pass 
of  two  3-mm  Schott  glass  filters  versus  wavelength,  (B)  detector  sensitivity  of  two  Si  photodiode  detectors  versus  wavelength,  and  (C)  source 
radiance  of  the  tungsten  filament  lamp  versus  wavelength,  (d)  shows  the  sample  spectra  in  Figure  3  corrected  for  the  three  radiometric  quantities 
in  (A)-(C). 


light  with  equal  magnitudes  of  s-  and  /^polarized  light;  our 
unpolarized  light  source  provides  such  light  to  a  very  good 
approximation  as  long  as  the  lamp  is  on  the  optical  axis  of  the 
system.  For  the  same  reason,  the  detectors  must  be  kept  on  axis 
as  well. 

The  corrected  detector  response  profiles  (corrected  transmit¬ 
tance  spectra)  in  Figure  4D  were  used  for  MOE  design.  Two 
possibilities  exist  for  designing  a  viable  MOE,  both  of  which  use 
iterative  solving  approaches.  In  each,  calculation  of  the  MOE 
spectrum  from  the  design  utilizes  a  matrix  formulation  that  is 
based  on  the  solutions  to  Maxwells  equations. The  spectrum 
of  a  hypothetical  coating  is  obtained  and  then  evaluated  subject 
to  various  criteria  and  then  modified  in  ways  that  improve  the 
criteria  for  evaluation.  The  criteria  are  the  main  points  of 
differentiation  between  the  two  methods  for  design  we  will 
describe  below.  The  first  entails  the  transfer  of  the  structure  of  a 
PCR  regression  vector  onto  a  filter  element  via  spectral  matching 
using  the  established  needle  optimization  technique. The 
evaluation  criteria  in  this  case  are  “goodness  of  spectral  match". 
The  second  method  of  MOE  design  referred  to  in  the  Experi¬ 
mental  Section  above  uses  a  novel  algorithm  that  synthesizes  the 
best  filter  solution  based  on  the  constraint  of  minimizing  the 
standard  error  in  sample  prediction. 

(13)  Liddell,  H.  M.  Computer-Aided  Techniques  for  the  Design  of  Multilayer  Filters, 

Adam  HilgerLtd.:  Bristol,  U.K.,  1983;  Chapter  1. 

(H)  Dobrowolski,  J.  A.;  Lowe,  D.  Appi  Opt.  1978.  17.  3039-  3050. 

(15)  Tikhonravov,  A.  V.  Vest.  Mask.  University.  Ser  3:  Fiz.,  Astron.  1982,  23, 

91-93. 

(16)  Verly,  P.  G.:  Tikhonravov.  A.  V.;  Trubetskov.  M.  K.  Appi  Opt.  1997.  36, 

1487-1495. 


Effective  Band-Pass.  As  Figure  4A  shows,  the  band-pass  defined 
by  our  colored-glass  filters  is  not  clear-cut.  The  transmission  band 
of  the  filters  is  far  from  a  rectangular  function  of  wavelength.  An 
operational  definition  of  the  band-pass  can  be  proposed,  however, 
as  the  wavelength  range  over  which  the  transmittance  function 
of  the  MOE  must  be  defined.  In  other  words,  outside  the 
operational  band-pass,  all  values  of  transmittance  for  the  MOE 
are  permissible  because  the  variance  of  the  signal  strength  is  so 
small  that  it  has  a  negligible  impact  on  prediction.  Determination 
of  the  operational  band-pass  limits  has  recently  been  examined 
in  a  discussion  of  spectral  tolerance  for  MOE  design.  The  lower 
and  upper  wavelength  limits  of  the  spectral  band  are  given  by 
solving  the  following  equation: 

where  14x  is  the  excluded  variance  of  the  spectroscopic  samples 
at  all  wavelengths  outside  the  band-pass,  Kco  is  the  variance  cutoff 
value  at  wavelengths  defining  the  edges  of  the  band-pass,  Ar  and 
Al  are  the  right  and  left  wavelength  limits  of  the  band,  SEP  is  the 
standard  error  of  prediction  for  the  calibration  model,  and  {G/ 
rn)  is  the  proportionality  factor  defined  in  eq  2.  Based  on  the 
original  40-sample  calibration  set,  the  effective  band-pass  was 
determined  to  be  between  424  and  622  nm  for  these  data. 

Spectrum  Matching.  Reference  5  describes  needle  optimization 
as  a  method  by  which  spectral  transmission  targets  can  be 

(17)  Myrick,  M.  L.;  Soyemi,  O.;  LI,  H.;  Zhang,  L.;  Eastwood,  D.  Fresenius  J. 

Anal  Chem.  2001,  369.  351-5. 
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Figure  5.  Comparison  of  the  spectral  target  generated  from  the 
4“factor  PCR  regression  vector  for  the  determination  of  BB  generated 
from  a  calibration  set  of  20  binary  dye  transmittance  spectra  (dashed 
line),  to  the  transmittance  spectrum  of  a  MOE  designed  by  spectral 
matching  with  permissible  tolerances  (solid  line). 


approximated  through  iterative  synthesis  of  an  interference 
coating. It  is  the  basis  for  several  commercial  thin-film  design 
programs  that  are  presently  available.^®-^®  Using  needle  optimiza¬ 
tion,  the  MOE  design  that  best  matches  the  spectral  profile  of 
the  PCR  vector  is  iteratively  synthesized  by  minimizing  a  merit 
function,  F,  which  describes  the  difference  between  a  calculated 
spectrum  (based  on  the  MOE  layer  thicknesses  in  each  iteration) 
and  the  target  spectrum  (represented  by  the  spectral  profile  of 
the  PCR  vector).  Ffor  a  spectral-matching  synthesis  routine  can 
be  defined  by 


Tol,  ) 


(4) 


where  ZJ^  is  the  calculated  response  (e.g.,  transmittance)  value 
at  wavelength  J,  Zj  is  the  target  value,  Toly  is  the  design  tolerance 
at  that  wavelength,  m  is  the  number  of  wavelength  targets,  and  k 
is  an  algorithm  gain  factor  used  to  weight  the  relative  importance 
of  mismatched  regions.  Design  tolerances  can  be  selected  for  each 
wavelength  channel,  which  specify  the  minimum  allowable  devia¬ 
tion  from  the  target  at  that  wavelength.  The  design  process 
involves  the  insertion  of  a  zero-thickness  layer  (needle)  into  the 
MOE  refractive  index  profile  at  each  iteration  of  the  optimization 
routine.  The  insertion  results  in  the  adjustment  of  existing  layer 
thicknesses  as  weD  as  that  of  the  new  layer  to  give  a  better  (lower) 
estimate  of  the  merit  function.  The  process  continues  until  the 
merit  function  can  no  longer  be  minimized.  The  periodic  applica¬ 
tion  of  a  “tunneling”  function  helps  in  achieving  a  global  minimum 
for  the  optimization  process  by  regularly  perturbing  the  system 
as  a  means  of  escaping  local  minimums.  Figure  5  shows  a 
comparison  of  the  transmittance  spectrum  of  a  MOE  element 

(18)  TFCalc,  Software  Spectra  Inc.,  Portland,  OR. 

(19)  FilmWizard,  Scientific  Products  and  Services  Inc.,  Carlsbad,  CA. 
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produced  by  spectral  matching  to  the  target  spectrum.  The  target 
spectrum  was  created  from  the  4-factor  PCR  regression  vector 
that  resulted  from  the  calibration  of  20  binaiy  dye  detector  profiles 
with  corresponding  BB  concentrations.  Although  the  spectrum 
(the  solid  line  in  Figure  5)  varies  from  the  target  (the  dashed 
line)  in  some  wavelength  regions,  the  result  is  within  the  allowable 
tolerances  for  the  design.  The  main  complication  of  this  approach 
to  designing  MOEs  is  that  the  PCR  regression  vector  is  not 
necessarily  the  basis  for  the  simplest  MOE. 

For  example,  this  MOE  designed  by  spectral  matching  using 
spectral  tolerances  determined  as  reported  elsewhere^^  consists 
of  46  alternating  layers  of  Nb205  and  SiOz,  with  a  total  coating 
thickness  of  3.7  pcm.  The  deposition  system  we  use  for  depositing 
these  coatings  (vide  infra)  would  require  '^2  days  to  produce  this 
coating.  Further,  the  accuracy  with  which  a  spectrum  can  be 
created  in  an  actual  MOE  is  related  to  the  number  of  layers  in 
the  coating;  more  layers  provide  increased  opportunity  for 
manufacturing  errors.  The  MOE  designed  by  spectral  matching 
was  not  fabricated.  Instead,  we  pursued  an  alternative  method  to 
MOE  design  developed  in  our  laboratory  with  the  aid  of  P.G. 
Conceptually,  this  new  approach  could  be  called  “spectral  vector 
relaxation”  (SVR).  The  basis  for  SVR  is  that  many  vectors  satisfy 
the  criteria  for  good  regression  vectors  in  addition  to  the  ones 
that  are  found  via  PCR.  Some  of  these  vectors  will  be  easier  to 
fabricate  in  the  MOE  form  than  others:  we  seek  a  general  method 
for  locating  those  that  are  the  simplest  to  fabricate. 

MOE  Design  via  Least-Squares  Minimization  of  Sample  Predic¬ 
tion  Error:  SVR.  Even  with  the  careful  selection  of  design 
tolerances,  there  is  no  guarantee  that  needle  optimization  will 
produce  a  design  that  matches  a  spectral  target  andean  be  readily 
fabricated.  For  example,  in  cases  where  the  target  spectrum  has 
many  high-frequency  components  (e.g.,  noise),  it  is  quite  likely 
that  a  MOE  design  will  result  with  many  layers  and  a  large  value 
of  total  layer  thickness.  Such  coatings  are  difficult  to  fabricate 
using  conventional  thin-film  deposition  techniques  because  manu¬ 
facturing  errors  accumulate  with  each  layer  and  because  stress 
builds  between  the  coating  and  its  substrate  with  increasing 
coating  thickness.  Such  stress  will  generally  lead  to  coating 
delamination  when  the  coating  thickness  exceeds  ~10~-25  pm. 
In  addition,  economic  considerations  of  long  deposition  cycles 
argue  for  simplified,  thinner  coatings. 

Instead  of  trying  to  match  a  PCR  regression  that  represents  a 
fixed  SEP,  an  alternative  algorithm  has  been  developed  that 
combines  design  vrith  optimization  of  the  SEP.®  This  algorithm  is 
based  on  a  nonlinear  least-squares  optimization  technique  and 
attempts  to  synthesize  the  optimum  MOE  design  at  a  given  level 
of  complexity  of  the  coating.  In  other  words,  instead  of  creating 
an  MOE  design  whose  spectrum  matches  a  regression  vector, 
an  MOE  design  is  created  with  a  fixed  upper-bound  level  of 
complexity  (numbers  of  layers  and  layer  thicknesses) .  Among  all 
the  possible  MOE  designs  with  a  fixed  maximum  level  of 
complexity,  the  one  whose  spectral  profile  results  in  an  optimal 
value  of  the  SEP  can  then  be  obtained. 

Unlike  the  previous  design  method,  which  starts  from  a  single 
layer  and  gradually  builds  up  the  coating,  the  SVR  filter  design 
algorithms  are  initialized  with  a  specified  number  of  layers  with 
either  random  or  predetermined  layer  thicknesses. 
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Table  1.  26-Layer  MOE  Design  for  the  Determination  of  Bismarck  Brown  in  a  Binary  Dye  Mixture  with  Crystal  Violet 
Showing  the  Individual  Layer  Thicknesses  (in  Nanometers)* 


layer  no. 

material 

layer  thickness  (A) 

layer  no. 

material 

layer  thickness  (A) 

1 

NbzOs 

279 

14 

NbzOs 

675 

2 

SiOz 

2099 

15 

SiOz 

374 

3 

NbzOs 

702 

16 

NbzOs 

675 

4 

SiOz 

796 

17 

SiOz 

493 

5 

NbzOs 

477 

18 

NbzOs 

795 

6 

SiOz 

657 

19 

SiOz 

309 

7 

NbzOs 

434 

20 

NbzOs 

2024 

8 

SiOz 

723 

21 

SiOz 

1023 

9 

NbzOs 

328 

22 

NbzOs 

796 

10 

SiOz 

664 

23 

SiOz 

1539 

11 

NbzOs 

304 

24 

NbzOs 

921 

12 

SiOz 

1405 

25 

SiOz 

881 

13 

NbzOs 

577 

26 

NbzOs 

720 

^ Layer  1  is  the  layer  closest  to  the  substrate  (BK-7  optical  glass). 


If  n  is  the  number  of  layers  in  the  coating,  optimization  using 
the  SVR  algorithm  can  be  visualized  in  an  n  +  2  dimensional 
space.  The  additional  two  dimensions  in  the  space  are  scaling 
(G/w)  and  offset  (off)  factors  relating  the  spectral  vector  to  the 
dependent  variable  in  the  sample.  The  figure  of  merit  in  this 
optimization  is  the  SEP  for  prediction  of  the  dependent  variable 
using  the  design  of  the  coating  at  each  iteration.  The  steps  to 
calculating  the  SEP  at  the  end  of  each  iteration  is  as  follows:  first, 
the  current  optical  transmission  spectrum  (T(A))  spanning  m 
wavelength  channels  is  scaled  to  a  regression  vector  (R)  as  in 

R=  (G//77)[2t-  1]  (5) 

Next,  an  estimate  of  the  concentration  of  sample  i  (//)  is 
determined  as  the  offset  scalar  product  of  its  spectrum  (x/)  with 
the  regression  vector  (R),  where  f  represents  the  vector  transpose. 

X  =  xX  +  off  (6) 


Figure  6.  Results  for  a  MOE  produced  by  SVR.  Comparison  of 
the  measured  MOE  spectrum  at  45°  (dashed  line)  to  the  calculated 
SVR  MOE  spectrum  at  45°  (solid  line).  Polarization  effects  in  the 
measured  spectrum  are  uncorrected. 


By  substituting  eq  5  into  eq  6,  the  SEP  for  validation  samples 
is  calculated  thus: 


SEP  =  ' 


.^rr  rG(2t-i)i'  i  | 


N 


(7) 


During  optimization,  layer  thicknesses  that  fall  below  a  specified 
threshold  value  are  deleted  because  extremely  thin  layers  are 
difficult  to  deposit  accurately  in  our  current  apparatus.  Because 
the  final  MOE  design  that  results  from  SVR  can  have  less  than, 
or  equal  to,  the  starting  number,  this  novel  algorithm  creates 
designs  with  smaller  overall  coating  thicknesses  than  those 
created  with  needle  optimization.  In  practice,  we  have  found  that 
this  can  often  be  achieved  without  sacrificing  predictive  ability. 

The  starting  point  of  the  optimization  routine  is  important  since 
the  SVR  algorithm  can  converge  to  a  nonglobal  optimum.  The 
choice  of  an  appropriate  starting  point  usually  produces  a  rapid 
descent  to  the  global  optimum  for  a  given  upper-bound  level  of 
complexity. 


There  are  currently  two  variants  of  the  SVR  MOE  design 
algorithm  that  differ  in  their  modes  of  initialization.  The  first  one 
initializes  the  optimization  process  with  a  specified  number  of 
layers  with  random  thicknesses,  which  are  then  modified  to  give 
the  best  MOE  design.  Starting  with  a  random  number  of  layers 
or  layers  vrith  fixed  thicknesses,  the  second  variant  to  the  design 
algorithm  creates  a  partial  design  by  crudely  matching  the  PCR 
regression  vector  using  standard  spectral  matching.  With  this 
partial  design  as  the  starting  point,  the  MOE  spectrum  is  then 
further  refined.  The  SVR  approach  does  not  add  new  layers  but 
instead  deletes  layers  that  fall  below  a  specified  minimum 
permissible  thickness  during  iteration.  For  comparison  to  the  46- 
layer  spectral-matching  design  described  above,  we  initialized  a 
SVR  design  beginning  from  a  partial  needle  design  consisting  of 
30  layers.  The  final  SVR  result  is  shown  in  Table  1.  This  design, 
which  corresponds  to  an  SEP  of  0.31  fM,  has  26  layers  with  total 
thickness  of  2.1  ptm  (solid  line  in  Figure  6)  and  was  selected  for 
fabrication  and  testing,  as  described  in  the  following  sections. 

4.  MOE  Fabrication.  The  multilayer  thin-film  coating  as 
synthesized  by  the  filter  design  algorithm  consists  of  alternating 
layers  of  NbaOs  and  Si02  deposited  on  a  glass  substrate  (Coming 
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BK7).  These  materials  have  well-defined  refractive  indices  as 
shown  in  Figure  2  and  are  suitable  for  use  between  the  near-UV 
and  the  long-wavelength  mid-infrared  spectral  regions.  Only  one 
set  of  targets,  either  of  elemental  niobium  or  elemental  silicon,  is 
operated  at  a  given  time  during  deposition,  producing  films  of 
exclusively  one  or  the  other  material. 

During  the  RMS  process, argon  atoms  are  ionized  and 
entrained  in  a  magnetic  field.  The  argon  ions  strike  the  elemental 
targets  and  eject  atoms  from  the  targets  by  momentum  transfer. 
Oxide  films  form  on  the  substrate  as  a  result  of  the  reaction  of 
the  metal  atoms  and  oxygen  in  the  chamber  gas.  This  reaction 
occurs  exclusively  on  the  substrate  under  the  conditions  of 
deposition.  The  placement  of  the  substrate  on  a  35.6-cm-diameter 
octagon-shaped  rotating  drum  ensures  a  uniform  coating  as  the 
drum  sweeps  through  the  deposition  zone. 

Process  Control  The  layer  thicknesses  of  the  coating  materials 
must  be  controlled  very  precisely  during  deposition  to  ensure  that 
the  MOE  spectrum  accurately  matches  the  design.  The  progress 
of  the  MOE  fabrication  is  optically  monitored  by  keeping  track 
of  the  evolving  filter  spectrum  as  each  layer  is  deposited.  This  is 
done  with  monitor  curves,  which  are  single-wavelength  transmit¬ 
tance  spectra  of  the  evolving  MOE  spectrum  for  individual  layers 
(i.e.,  transmittance  versus  layer  thickness).  In  an  ideal  situation, 
experimentally  measured  monitor  curves  are  compared  with 
calculated  values  to  determine  the  end  point  of  layer  deposition. 
The  facilities  that  are  currently  available  to  us  for  process 
monitoring  do  not  allow  us  to  directly  measure  the  true  transmit¬ 
tance  as  the  layers  are  coated,  but  instead  only  the  power 
transmitted  through  the  coating.  The  relationship  between  the 
observed  monitor  values  and  the  predicted  monitor  curves  is  found 
by  normalizing  the  experimental  monitor  curves  to  the  theoretical 
curves  at  turning  points  in  their  transmission  as  a  function  of  layer 
thickness.  Layer  deposition  is  terminated  when  normalized  values 
of  the  transmittance  match  the  value  expected  for  the  target 
thickness  as  closely  as  possible.  In  our  experience,  the  fairly 
complex  normalization  routines  we  have  buOt  into  our  Lab  VIEW 
process  control  engine  only  work  well  when  the  monitor  curve 
wavelengths  are  selected  subject  to  the  following  criteria: 

(1)  The  monitor  curve  should  have  adequate  curvature  with 
well-defined  maximums  or  minimums.  This  is  because  maximums 
and  minimums  provide  the  most  stable  points  for  normalization 
of  the  experimental  transmitted  power  measurements  to  the 
predicted  transmittance  monitor  curves. 

(2)  The  monitor  curve  should  cover  a  fairly  wide  range  in 
transmittance  values  because  the  rate  of  transmittance  change 
per  unit  deposition  thickness  is  directly  related  to  the  precision 
vrith  which  the  layer  can  be  deposited. 

(3)  Slight  changes  in  the  monitor  wavelength  should  not  result 
in  rapid  changes  in  either  the  shape  of  the  monitor  curve  or  the 
range  in  transmittance  values  that  are  covered  by  the  monitor 
curve.  This  is  because  errors  inevitably  accumulate,  shifting  the 
monitor  curves  to  higher  or  lower  wavelengths  by  small  amounts. 
Monitor  wavelengths  at  which  the  monitor  curves  experience 
large  changes  with  small  errors  in  wavelength  lead  to  irrepro- 
ducible  results  and  frequently  to  serious  errors  in  fabrication. 


(20)  Parsons,  R.  Sputter  Deposition  Processes.  In  Thin  Film  Processes;  Vossen, 
J.  L.,  Kern,  K.,  Eds.;  Academic  Press:  San  Diego.  1991. 
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As  an  example,  Figure  7  shows  the  calculated  (transmittance 
versus  physical  thickness)  and  experimental  (transmitted  power 
versus  number  of  deposition  cycles)  monitor  curves  for  the  first 
2  layers  of  the  26-layer  SVR  MOE.  Deposition  is  closely  monitored 
by  matching  the  two  curves  for  each  layer.  The  two  layers 
correspond  to  a  total  thickness  of  2400  A.  After  the  selection  of 
appropriate  monitor  curves,  the  software  program  generates  a 
recipe  file  which  contains  the  chamber  operating  conditions  for 
the  initial  deposition  of  all  the  individual  layers.  Since  these 
conditions  are  based  purely  on  the  approximate  deposition  rate 
of  the  materials,  they  are  only  accurate  to  within  about  ±5%. 
Consequently,  the  system  is  designed  to  automatically  deposit  only 
80%  of  each  layer  initially  to  avoid  overdepositing  the  layer  before 
the  process  control  algorithm  comes  into  play.  The  parameters 
entered  into  the  recipe  file  include  the  Ar  and  O2  flow  rates 
(controlled  by  mass  flow  controllers),  predetermined  monitor 
wavelengths  for  each  layer,  the  number  of  deposition  cycles 
required  for  ^80%  deposition  of  each  layer,  the  magnetron  power, 
predeposition  sputtering  time  (to  clean  the  targets  of  contami¬ 
nants),  and  the  detector  gain.  After  each  layer  is  80%  deposited, 
new  commands  are  entered  into  the  recipe  file  by  our  process 
control  engine  to  make  adjustments  to  the  process  parameters 
until  the  layer  deposition  is  complete.  These  updates  to  the  recipe 
file  are  fully  automated.  The  experimental  curves,  particularly  for 
the  first  layer  (Figure  7B),  do  not  appear  to  faithfully  reproduce 
the  theoretical  curve.  This  is  only  due  to  the  operation  of  the 
process  control  engine,  which  adjusts  the  rate  of  deposition  so 
that  the  final  layer  thickness  is  achieved  as  nearly  as  possible. 
This  gives  the  experimental  measurements  a  "stuttered”  appear¬ 
ance  as  the  process  control  engine  iterates  to  a  physical  end  point. 

Deposition  rates  are  rarel\  constant  due  to  slight  fluctuations 
in  power  as  well  as  the  values  of  th<*  optical  constants  (i.e.,  layer 
absorption  coefficients  and  refractive  indices  as  functions  of 
wavelength)  of  the  two  materials  at  rexjm  temperature  over  a 
period  of  time.  Also  certain  layers  are  more  sensitive  to  errors 
than  others  due  to  a  lack  of  adt‘cjuaie  monitor  curves  at  the 
available  wavelengths.  These  factors  ( Dmtjine  to  introduce  minor 
errors  in  the  MOE  spectrum  Despit*  this  have*  been  able  to 
routinely  produce  filter  elements  with  ti#*iter  tfian  95%  accuracy. 
Figure  6  shows  a  comparison  of  the  measurefl  MOL  spectrum  at 
45°  to  the  design  (theoretical)  sptM'tnjm  Much  of  the  error 
between  the  two  curves  is  an  oflset  due  to  polanzation  in  the 
spectrometer  that  recorded  the  measurement  f'\en  so.  there  is 
a  reasonably  good  fit  between  th»  two  sfMctra 

5.  Installation  and  Tuning  of  the  MOI  in  the  Measure¬ 
ment  System.  The  optical  spectra  of  the  onginal  samples  from 
which  the  MOE  was  designed  w(‘re  re(  urd^-d  on  a  UV-visible 
diode  array  spectrometer.  However,  the  dej^-isition  of  the  coating 
is  controlled  with  a  different  spcTtrornetei  If  tin^se  two  spectrom¬ 
eters  are  not  exactly  calibrated  in  wavt-length  with  one  another, 
the  result  will  approximately  be*  a  fixt-d  waveh  ngtti  offset  between 
the  actual  MOE  spectrum  at  the  desired  angle  of  incidence  and 
the  designed  MOE  spectrum  at  the  same  angle'  Provided  that 
this  error  is  small,  it  can  be  corrected  by  slightly  tuning  the  angle 
of  the  MOE  in  the  measurement  system  That  is.  instead  of  using 
the  MOE  at  exactly  45°,  the  optimum  angle  might  be  slightly  more 
or  less  than  45°,  depending  on  the  w’avelength  calibrations  of  the 
two  spectrometers.  The  best  spectrometer  for  making  this 
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Figure  7.  Theoretical  and  experimental  monitor  curves  for  layers  1  and  2.  (A)  Theoretical  layer  1  monitor  at  420  nm;  (B)  experimental  layer 
1  monitor  at  420  nm;  (C)  theoretical  layer  2  monitor  at  450  nm;  (D)  experimental  layer  2  monitor  at  450  nm. 


determination  is  clearly  the  one  on  which  the  original  samples 
were  measured.  For  this  reason,  a  device  to  adjust  the  filter  angle 
prior  to  sample  measurements  was  built.  This  device  consists  of 
a  micrometer-driven  adjustment  for  the  MOE  angle.  When  the 
MOE  was  installed  in  the  optical  block  shown  in  Figure  3 ,  the 
optical  block  was  transferred  to  the  original  spectrometer  and 
adjusted  with  the  micrometer-driven  tool  to  match  the  wavelength 
axis  with  the  design  as  closely  as  possible.  After  adjustment,  the 
MOE  was  locked  in  place  and  transferred  back  to  the  optical 
system  for  measurements. 

6.  Analysis  of  Ciystal  Violet/Bismarck  Brown  Dye  Mix¬ 
tures.  Conventional  PCR  Regression  on  Absorbance  and  Transmit 
tance  Data.  To  gauge  the  results  of  the  MOC  measurements 
(using  the  apparatus  in  Figure  1  fitted  with  the  fabricated  MOE) 
against  conventional  multivariate  calibration,  conventional  PCR 
regression  analysis  was  carried  out  on  the  same  data  set  used  for 
MOE  design.  A  PCR  calibration  of  the  BB  concentration  (requiring 
two  factors)  was  initially  carried  out  with  absorbance  spectra  that 
are  obtained  by  the  conversion  of  the  measured  transmittance 
spectra  {A  ~  -log  7).  This  produced  a  SEP  of  0.2  //M  in  BB. 
Next,  a  PCR  calibration  (requiring  four  factors)  was  done  with 
the  corrected  detector  intensity  response.  Despite  the  nonlinearity 
between  the  detector  response  and  concentration,  a  linear  calibra¬ 
tion  was  obtained  with  an  SEP  of  0.26  pcM.  This  is  slightly  worse 
than  the  results  obtained  from  calibrating  the  absorbance  spectra; 
nevertheless,  the  results  are  reasonably  comparable  as  shown  in 
Figure  8.  The  corresponding  SEP  for  the  radiometrically  corrected 
spectra  and  our  theoretical  26-layer  MOE  is  slightly  higher  at  0.31 
ptM. 


Actual  BB  Cone  (pM) 

Figure  8.  Calibration  in  absorbance  vs  transmittance  modes. 
Comparison  of  PCR  calibration  of  BB  in  a  binary  dye  mixture  using 
absorbance  spectra  (squares)  with  PCR  calibration  using  radiometri- 
cally  corrected  transmittance  spectra  (circles). 

Expectations  versus  Realities.  The  theoretical  SEP  for  our  26- 
layer  SVR  MOE  is  based  on  spectra  obtained  on  a  conventional 
spectrometer.  To  evaluate  the  way  in  which  a  real  MOE  will 
operate,  we  should  consider  the  source  of  the  SEP.  If,  for  instance, 
0.31  pM  is  an  SEP  attributable  to  model  or  reference  errors  (as 
is  probably  the  case  here) ,  then  a  real  MOE-based  device  could 
produce  an  actual  SEP  no  better  than  this  value.  In  other  words, 
if  model  or  reference  errors  are  responsible  for  the  SEP,  then 
the  theoretical  (model)  SEP  is  a  lower  bound  for  the  real  SEP. 
Errors  in  the  production  of  the  MOE  or  errors  in  the  calculations 
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Figure  9.  Effect  of  the  detector  relative  gain  factor,  T-  KR  vs  the  calibrated  concentration  of  BB  with  unsealed  vs  optimized  scaled  detector 
sensitivities.  T and  R  are  the  measured  transmitted  and  reflected  intensities,  respectively,  and  K  is  the  relative  gain  factor.  (A)  /C=  1.  (B)  /C= 
1,18  (optimum). 


preceding  the  model  could  negatively  impact  the  result  but 
probably  not  improve  it.  On  the  other  hand,  if  the  SEP  is  not 
limited  by  model  or  reference  error  but  by  signal-to-noise  ratio  in 
the  original  measurements  on  conventional  instruments,  an  MOE 
could  conceivably  improve  the  result.  As  described  in  ref  5,  MOEs 
are  far  less  sensitive  to  detector  noise  contributions  and  low  light 
levels  than  are  conventional  spectrometry  systems.  In  general, 
UV -visible  spectroscopy  and  modeling  is  not  limited  by  noise 
but  by  model  or  reference  errors.  Thus,  we  should  anticipate  that 
our  actual  MOE  will  not  miraculously  reduce  the  expected  SEP. 

Determination  of  Bismarck  Brown  with  the  MOC  Approach.  The 
difference  (in  mOiivolts)  in  detector  signals  between  detectors 
viewing  MOE-reflected  versus  MOE>transmitted  light  that  first 
passed  through  validation  samples  was  measured  for  39  samples. 
These  samples  were  different  from  those  samples  that  were  used 
for  MOE  design,  but  were  designed  with  a  similar  spread  of 
concentration  values.  A  total  of  20  of  these  samples  were  used  to 
evaluate  the  relative  responsivities  (the  relative  gain  factor)  of  the 
two  detection  arms  of  the  measurement  system.  To  understand 
why  this  is  necessary,  consider  that  the  two  detectors  shown  in 
Figure  1  are  physically  different  devices  and  thus  can  have  slightly 
different  relative  responses.  Since  the  MOC  measurement  is  given 
by  the  difference  in  the  two  detector  responses,  a  correction  factor 
is  necessary  to  give  them  the  same  overall  gain.  If  this  relative 
gain  factor  is  called  K,  to  ignore  it  assumes  K  ^  Figure  9 A 
shows  the  result  of  ignoring  K  With  an  incorrect  value  of  K, 
correlation  between  the  detector  differences  and  the  BB  concen¬ 
tration  is  seriously  degraded.  Figure  9B  shows  the  optimum 
correlation  obtained  between  the  detector  differences  and  BB 
concentration  by  giving  /C  =  1.18  in  the  MOC  equation, 

C=3.64  (T-KR) +  39.57  (8) 

where  C  is  BB  concentration  in  micromolar  and  7  and  R  are  the 
detector  outputs  in  millivolts. 

The  calibration  model  was  tested  by  using  the  linear  regression 
model  in  eq  1  to  predict  the  concentrations  of  the  remaining  19 
samples.  Figure  10  (square  points)  shows  a  plot  of  the  predicted 
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Actual  BB  Concentration 

Figure  10.  Predicted  BB  concentration  vs  actual  BB  concentration 
from  detector  difference  measurements  with  optimum  relative  gain 
factor.  Squares:  linear  model,  SEP  =  0.69  Circles:  third-order 
polynomial  model,  SEP  =  0.60  /^M. 

BB  concentrations  versus  the  actual  BB  concentrations  using  this 
model.  The  SEP  was  determined  to  be  0.69  pM.  On  the  basis  of 
the  appearance  of  nonlinearity  in  the  calibration  data,  different 
nonlinear  models  were  constructed  from  polynomial  fits  of 
increasing  order.  These  nonlinear  models  were  developed  by 
assuming  a  polynomial  correlation  between  (7  ~  KR)  and 
concentration  instead  of  the  linear  relation  given  in  eq  8.  Thus, 
the  first  20  samples  were  used  to  obtain  each  of  the  possible 
models,  and  predictions  based  on  these  models  were  made  for 
the  remaining  19  samples.  We  observed  that  a  third-order 
polynomial  model  provided  the  best  improvement  to  the  SEP 
(=0.6  pM) .  The  improvement  obtained  by  using  these  nonlinear 
models  was  relatively  minor. 

Discussion  of  Results.  A  number  of  factors  exist  to  explain  the 
disparity  between  the  estimated  linear  SEP  (0.69  /^M)  for  MOC 
in  this  example  and  the  expected  SEP  of  0.31  jwM.  First,  we  were 
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unable  to  calibrate  the  detectors  because  of  instrumental  limita¬ 
tions.  Instead,  data  from  the  manufacturer  s  specifications  were 
relied  upon  in  determining  detector  spectral  response.  This 
information  is  of  a  general  nature  and  better  results  are  exj^ected 
when  all  the  individual  optoelectronic  components  used  in  as¬ 
sembling  the  MOC  measurement  system  are  fully  calibrated. 

Second,  fabrication  errors  resulting  in  the  mismatch  between 
the  measured  MOE  spectrum  and  the  theoretical  spectrum  can 
play  an  important  role  in  the  final  results.  An  accurate  reproduction 
of  the  MOE  coating  layers  as  specified  by  the  design  is  necessary 
to  achieve  a  value  of  the  SEP  that  is  comparable  with  that 
predicted  for  the  design.  The  current  process  control  system  for 
the  fabrication  of  MOEs  does  not  provide  the  most  effective  means 
of  monitoring  the  deposition  process  to  produce  layers  with 
accurate  thicknesses.  Fortunately,  many  of  the  shortcomings  of 
our  current  process  control  system  can  be  rectified.  These 
improvements  will  be  the  subject  of  future  reports. 

Third,  normalization  of  the  data  was  not  performed.  The 
acquisition  of  the  test  data  in  our  laboratory  was  performed  over 
the  course  of  two  2-h  sessions,  so  slight  drift  in  the  detectors 
probably  contributes  to  our  error.  Normalization  is  an  aspect  of 
multivariate  optical  computation  that  will  be  the  subject  of  a  future 
report.  A  brief  description  of  normalization  and  its  hypothetical 
use  in  multivariate  optical  computing  is  given  in  ref  5.  In  brief, 
eqs  1  and  2  provide  that  the  difference  between  transmitted  and 
reflected  rays  in  the  Figure  1  instrument  is  related  to  the 
magnitude  of  a  spectral  vector  (the  regression  vector)  in  the 
sample  spectrum.  The  summation  of  the  two  responses,  however, 
is  directly  proportional  to  the  total  magnitude  of  the  spectrum. 
Corrections  to  the  calibration  data  can  be  made  so  that  they  are 
suitable  for  measurement  by  calculating  the  ratio  of  the  difference 
between  T  and  R  to  the  summation  of  T  and  /?.  This  forms  an 
implicit  “normalization"  of  the  spectrum  during  the  prediction  step 
and  can  be  used  to  correct  for  prediction  errors  associated  with 
power  fluctuations  and  detector  drifts. 

Fourth,  the  lamp  whose  calibration  we  show  in  Figure  4C 
burned  out  early  in  our  testing.  Although  a  new  lamp  of  the  same 
type  was  installed  and  operated  at  the  same  voltage,  there  is  no 
guarantee  that  the  color  temperature  of  the  new  lamp  niatclied 
that  of  the  old.  This  is  an  interesting  problem  that  is  common  to 
many  spectrometry  systems  using  lamps  and  one  that  is  ultimately 
addressable  with  MOC  technology:  a  spectral  vector  for  color 
temperature  can  be  produced  that  will  enable  lamps  to  be 
controlled  for  color  temperature.  This  problem  is  one  that  we  are 
currently  beginning  to  address  and  will  also  be  the  subject  of  a 


future  report. 

CONCLUSION 

The  concept  of  multivariate  optical  computing  has  been 
demonstrated  with  the  successful  design  and  testing  of  an  MOE 
for  the  analysis  of  a  binary  dye  mixture.  The  results  obtained 
compare  quite  favorably  with  conventional  PCR  regression  despite 
the  nonidealities  in  sample  measurement  using  the  current 
prototype  instrument,  as  well  as  those  stemming  from  MOE 
manufacture.  Measurements  will  be  extended  to  the  determination 
of  chemical  species  in  more  complex  systems  with  a  greater 
number  of  interfering  agents. 

There  exist  several  areas  of  theory  that  still  need  to  be  explored 
in  order  to  gain  a  better  understanding  of  MOC.  For  example,  no 
theory  has  been  developed  covering  the  susceptibility  of  this 
technology  to  manufacturing  errors.  Also,  the  application  of 
chemometrics  to  radiometric  data  has  not  been  fully  developed, 
so  that  there  is  currently  no  way  to  quantitatively  predict  the  errors 
accumulated  from  nonlinearities  in  radiometry.  All  these  areas 
are  subjects  of  further  study. 

In  general,  we  think  it  is  important  to  keep  in  mind  the 
following  truth  about  multivariate  optical  computing:  It  is  not  a 
panacea.  It  is  subject  to  all  the  same  problems  to  which 
conventional  multivariate  spectroscopy  is  prone.  In  the  case  of 
weak  signals  or  noisy  detectors,  it  can  hypothetically  produce 
better  SEPs  than  conventional  sf)eciroscopv;  but  it  is  no  less 
sensitive  to  model  or  reference  errors  lluin  conventional  measure¬ 
ment  techniques.  Instead.  MOC  trades  om*  set  of  problems  for 
another.  At  the  cost  of  a  complex  design  and  manufacturing 
process  and  the  loss  of  some  expMTimental  flexibility,  one  gains  a 
far  simpler  instrument  with  dramanr  allv  lower  cost  and  mainte¬ 
nance.  In  our  laboratory',  for  exaTnf>lt  we  estimate  that  the  cost 
of  producing  the  26-Iayer  MOF  umhI  Iwre  is  much  less  than  $100 
per  element  when  50  or  more  arf  niadr  In  some  instances, 
multivariate  optical  computation  is  a  |{k>I  liut  could  make  complex 
spectroscopic  measurements  ac  ressilil*  to  a  mass  market. 
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10 .5  Novel  Filter  Design  Algorithm  for  Multivariate  Optical 
Computing 
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ABSRACT 

A  ^  algorito  for  the  design  of  optical  computing  filten  for  chemical  analysis  otherwise  known  as 

approach  is  based  on  the  nonlinear  correlation  of 
the  MOE  thickncssa  to  the  standard  error  in  sample  prediction  for  the  chemical  ^es  of  interest 
Gauss-Newton  nonlinear  optimization  algorithm.  nredetS^gorittoS 
thicknesses  or  by  a  pre-existing  design.  The^Sth^  has  been 
Slickly  tested  by  usmg  it  to  design  a  MOE  for  the  determination  of  copper  mopoiphyiin  iTJ 
u^^^iT***^  ^  uroporphyrin  (freebase),  nickel  uropoiphyrin,  uropoq)!^^  tin 

Keywords:  optical  computing,  thin  films,  chemometiics,  qwctroscopy,  multivaiiate 

1.  INTRODUCTION 

Multivariate  calibration  is  a  well-established  tool  in  chemometrics  for  the  correlation  of  a  physical  or 
chcmic^  pn^ei^  of  interest  to  multiple  wavelength  channels  of  qrtical  qrectra.  (1-3)  The  conventional 
aqrbtation  of  this  tool  m  chemical  analysis  entails  the  acquisition  of  optical  qjectia  in  the  qipropriate 
wavelength  i^n  (Really  fiom  the  ultrariolet  to  the  mid-inftaied).  Next,  chemometric  tools  are  us^  to 
a  qiec^  pattern  (or  regression  vector),  which  is  cortclated  to  the  property  of  interest  but 
oithogon^  to  interferences  (4).  Prediction  of  the  propoty  in  an  unknown  sample  is  carried  out  by 
detennuii^  the  magnitude  of  the  spectral  pattern  in  the  optical  qiectium  of  the  sample.  More  spedficallv 

tte  ma^iitudc  IS  calculated  by  taking  the  inner  product  of  the  qiectral  pattern  and  the  optical  spectrum  of 

^  unkiK^  conqxmnd.  A  major  drawback  in  the  widespread  use  of  multivariate  calibration,  especially  for 
(tependcnce  on  expensive  and  bulky  laboratory-type  equipment  for  data  acquisition 

In  Multivaii^  Optical  Computing  (MOC),  spectral  patterns  are  encoded  into  the  transmission  spectrum  of 

qibcal  mt^er^  filters  for  the  purpose  of  detecting  spectral  signatnres  for  diemical  prediction.  Fariitr 
r^(^  by  M^dc  d  d.  (5,«),  have  shown  that  the  prediction  stqi  can  be  optically  mimicked  by  passinn 
bandwidth  (whidi  has  interacted  with  the  sanqile  either  by  transmittance  through  the 
or  r^ect^  fiom  the  suifece  of  the  sample),  through  two  optical  filters  whose  transmission  profiles 
co^ne  to  give  a  structure  that  accurately  describe  the  positive  and  negative  portions  of  the  spectral 
pdtera.  A  more  le^  study  (7)  has  desenbed  a  new  approach  to  this  method  of  optical  «m.pn^n. 
which  uses  a  single  filter  for  prediction.  *•4'“““"“, 
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A  ^icd  uiterference  filter  (coating)  design  consists  of  alternating  layers  of  high-  and  low-refiactive 
^tends  with  sp^ed  thidoiesses.  Interference  coatings  with  irregular  transmittance  profiles  are 
fobncation  through  the  process  of  reactive  magnetron  sputtering  (8).  As  was  origindly  envisaged,  the 
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merit  fimetion  ^ch  describes  the  d^eiwce  j^jn^ievsnectral  patterns  necesatate  filters  of  high 

this  design  technique  in  MOC. 

algorithm,  (based  on  a  emr  in  sanq)le  pnSdon  for  the  chemical  species  of 

“sr.s  ^  ESi?.'issr.^,is 

A  of  aas  ,.*ona»  i.  >»  ““ 

uropoiphyrin  in  a  quaternary  porphyrin  mixture  has  been  designed. 

2.  descriftion  of  filter  design  algorithm 

2.1.  Capniiatkin  of  filter  transmittance 


coefficient 


n4-iT2  r3+iT 

Y5+iY5  Yl+iY 


+iT4j  _  jea 

+iH  h 


XKiJ  j/j/sin 
tjsinS  dosS 


-■  .^v  for  the  laver  ti  is  the  complex  re&active  index  (=  oi+iki).  where  n,  is  the 

L“.SSSt?«^a».a«ioncoo«^ 

5=  ^^cosgf 


cosOi  =  jl 


#10^  sin^  ^0 


individually  layers,  i.e.; 

(4) 

M  =  [y(l^erl)*Y(1^2)*...*Y(layerL)] 
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Layer  1  is  the  l^ftal  is  dosest  to  the  substrate.  Light  transmitted  through  the  film  layers  consists  of  an 

electric  vector  conqxment  (E)  Md  a  magnetic  vector  component  (H).  The  characteristic  matrix  relates  the 
electnc  and  magnetic  fields  at  individual  layer  boundaries  in  the  following  manner; 


E 

H 


(5) 


where  n.  and  k,  ate  the  retractive  index  and  absorption  coefiScient  of  the  substrate  reqrectively.  The 
propagation  of  light  through  a  single  thin  film  coating  is  illustrated  by  Figure  1.  As  is  shown  in  the 
diagrain,  there  are  multiple  reflections  of  the  inddent  light  at  the  air/film  and  substrate/air  The 

transmittance  and  reflectance  at  the  air/film  interface,  is  given  by  equations  6  and  7. 


Figure  1:  Transmission  of  light  through  a  one-layer  mterfereiice  coating 


T  - 

For  normally  ind^t  light,  n=no=l  (where  n  is  the  refractive  index).  However,  when  the  filter  is  tilted,  the 
propagated  wave  is  ^lit  into  two  plane-polarized  components,  one  with  the  electric  vedor  in  the  pian^  of 
incidence,  known  as  piiolarized,  and  one  with  the  electric  vector  normal  to  the  plane  of  inddence,  known 
as  s-polarized.  The  refractive  index  of  the  incident  light  is  therefore  mnrfifiwt  as  follows: 

«  =  — ~  (p-polarization)  (g\ 

COS  0Q  ^  ’ 

n  =  /l^COS^p  (s-polarization)  (m 


(6) 

(7) 
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Ti  and  R;  aieidated  to  tiie  real  and  imaginaiy  comfwnents  ofE  and  H  (Le.,  E]32  and  respectively) 

detennined  firom  equation  5. 


r,  = 


4/»,n 


{Ei+Hif  HE2+H2) 


JE,-Hyf+(E2-H2) 

^  {Ei+Hif+(E2+H2) 


(10) 


(11) 


The  total  tiansmittance  through  the  film  and  substrate  can  be  ddcrn^  by  sunm^ 

of  the  combined  reflectance  and  transmittance  tenns  (see  Fig.l)  i.e.,  T1T2,  TiTaRiRz,  lil2(RiR2; . 
TiT2(RiR2)^,  etc,  which  results  in  the  following  expression: 


TT 


(12) 


where  m  and  Ti.  are  the  complex  refiactive  indices  of  layer  /,  and  the  substrate  (s)  i^)ectiv^. 
filters,  \e  average  tiansmittance  due  to  the  p-  and  s-polaiized  conqwnents  of  the  incident  U^t  is 

determined. 


2.2  Nonlinear  Optimization  of  Rltcr  Layers 


TTk  deteimination  of  the  RMSQ  finm  a  calculated  filter  transmittance  plectrum  (T)  ^ 

channels  starts  with  the  scaling  of  the  spectrum  into  a  regression  vector  (R)  nsmg  an  ^propnate  gam  fector 

(G). 


G(2r-100) 


m 


Using  a  calibration 
values  of  aU  the  sanqiles  is  predicted  as  follows 

j;  =  S*R^  +  <l(r 


(13) 


(14) 


where  p/Tis  the  ofifect  The  RMSQ  is  < -  .  *.  7^  1 

fiom  the  r^rcssion  vector,  to  known  concentration  of  the  same  samp  . 


N 


Kj,  -hr 


1=1 


^  7 

/=1 


(15) 


Once  the  filter  profile  resulting  in  an  optimal  RMSQ  is  deten^  the 

predicting  future  samples  can  be  gauged  by  calculating  the  standard  error  in  sample  prediction  (SEP)  fiom 
a  separate  set  of  validation  sanqiles  as  shown  in  equation  16. 
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(16) 


SEP  = 


_ /=i 


squared  error  of  prediction  for  P  prediction  samples.  TTk!  nonlinear 
coirefobon  bctwsen  the  layer  thicknesses  of  an  optical  filter  coating  and  the  RMSQ  can  be  visualized  as  a 
se^  for  the^  (lowest)  value  of  RMSQ  on  a  complex  n-dimensional  reqxmse  surfece  (where  there  are 
^  optunized  (figure  2)).  The  filter  design  algorithm  used  is  based  on  the  Quasi-Newton 
m^od  rf  nonlinear  qjtimizanon  (11,12).  The  algorithm  is  initialized  (o'  a  specified  number  of  layers  (n) 
rar^  or  pre^letermined  thicknesses  (z),  whidi  represent  a  single  point  on  the  response 
surface.  At  each  iteration  (k)  of  the  optimization  process,  curvature  (gradient)  information  is  built  up  to 
formulate  a  quadratic  model  problem  of  the  form,  ^ 


min  —z^  Hz  +  c^z  +  b 
*  2 


(17) 


where  the  Hesaan  matrix  H,  is  a  positive  definite  symmaric  matrix  (crucial  in  maintaining  a  constant 
descent  down  the  slqie  of  the  search  surface),  c  is  a  constant  vector,  and  b  is  a  cemstanL  The  optimization 

converges  to  a  solution  (corre^nding  to  the  lowest  value  of  the  RMSQ),  when  the  partial  derivatives  of  z 
go  to  zero  i.e., 


V/(r*)  =  /fe*+c  =  0 

The  optiina]  solution  point,  z*,  can  be  written  as 
z*  =  -H-'c 


(18) 


(19) 


At  the  starting  point,  H  can  be  set  up  to  any  positive  definite  matrix  (c.g.  the  identity  matrix,  I).  The 
observ^  bdiavior  of  f(z)  and  V  f(z)  is  then  used  to  build  iqi  curvature  information  to  make  an 
^roxiination  of  H  using  the  rqxiating  formula  developed  by  Brpyden  (13),  Fletcher  (14),  Goldtarb  (15) 

and  Shanno  (16),  also  known  as  the  BFGS  formula.  The  formula  is  given  by 


(20) 


where 

Sk  ~  —  Zk 

qk=  Vnzfc,,)-  Vf(Zk) 

The  gradient  information  is  provided  by  pertubing  each  of  the  design  variables  (i.e  l^er  thidenesses)  in 
turn  and  crfculating  the  rate  of  change  in  the  RMSQ  At  each  major  iteration  k,  a  line  search  is  determined 
m  a  direction  in  which  the  solution  is  estimated  to  lie,  and  is  <t(»t«.nninA4 

y/i^k)  (21) 

During  evtimization,  layers  thicknesses  that  fall  below  a  specified  threshold  value  arc  not  acceptable 
keepmg  mmind  that  extremely  thin  layers  may  not  be  conveniently  dqxisited  during  the  febricatiori 
process.  Therefore,  in  the  event  that  a  layer  falls  below  this  threshold  value  during  optimization  the 
algonthm  activates  a  termination  flag  after  which  the  layers)  arc  deleted  and  the  c^itimization  re-started 
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number  of  maximum  iterations  is  reached. 


n,e  starting  point  of  the  f 

The  descent  towards  an  (qitimal  whie  rf  the  ^  ^  P  di^on  (Figure  2).  The  choice  of 

possible  pathw^  dqicndiiig  on  tte  rt^g  the  best  minimum  on  the  response 

S^mpriate  starting  POf  MenSi^iSTboth  of  which  are  based  on  the 

sur&oe.  There  are  currently  two  vaiian  v  *-  Motion  nmc^ss  with  a  specified  number  of  Isycrs 

inode  of  initializatiwL  The  first  initialize  the  opU^  direction  m^ds  to  different  local 

with  random  fliicknesses.  ^r  ’j  different  yti-'tinns  to  the  qitimizalion  problem, 

minima  on  the  re^nse  suifacc  hence  the  ^  |y  ^  thidmess  the  second  variant  to  the 

fcsiff.  -  the  ss-bestel  A 

flowchart  describing  the  design  algorithm  is  shown  m  Figure  3. 


of  fee  Iffedictiim  oior)  stmts  a  v 


3.  EXPERIMENTAL 

SirSn  0^ Uroporphyrin  I 

IMNH3  solution  of  Uro  at  fe^lutiiSg  fee  st^solutions  to  ensure  feat  the  relative 

Random  immbcas  were  gene^  and  ®PP  random  numbers  we^ 

concentration  of  the  four  porphyrins  vane  pc  y-  ,  c/  and  70  %.  In  this  manner,  40 

s,««.  4) «» 
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between  400  nm  and  650  nm  on  a  Hewlett-Packard  UV-VIS  diode  array  q)ectrDnieter  (Model  8543). 
instrument  prototype  for  the  implementalion  of  multivariate  optical  computing  using  a  single  MOE, 
alrcatfy  been  described  (7).  The  transmittance  spectra  were  convolved  with  the  characteristics  of 
hondpass  filters,  lamp  source,  and  delectors  in  the  protc^ype  field  instmment  to  give  an  accurate 
representation  of  the  detected  response  as  a  function  of  wavelength  (Figure  5).  The  corrected  spectra  were 
used  for  MOE  design  and  muliivariatc  analysis.  The  MOE  design  algorithm  was  written  in  MATLAB 
(Mathwoiks  Inc.  Natick,  MA).  The  PCR  routine  used  for  multivariate  calibration  is  part  of  the 
PLS_TooIbox  (Eigenvector  Research  Inc.,  Manson  WA). 


4.  RESULTS  AND  DISCUSSION 

The  conventional  approach  to  the  multivariate  analysis  of  optical  ^rectra  requires  the  use  of  bilinear 
regression  techniques  for  the  correlation  of  the  spectral  wavelengths  to  concentration  (or  any  other  property 
of  interest).  In  particular,  PCR  is  routinely  used  to  define  a  regression  vector  or  pattern,  which  correlates 
the  wavelength  channels  to  the  concentration  of  the  species  of  interest,  but  is  orthogonal  to  interferences 
(4).  The  initial  stq)  in  PCR  analysis  involves  the  reduction  in  the  dimensions  of  a  n  x  m  matrix  of  optical 
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»  a«i»l«ely  ««ta«^»^  te  te«-squi=  con^  <*  *  “  “  ”^ 

"^‘S.?^-'^-^'^^”  “»P'“  “ 

concentration  i 


R=(x^x)-’xV 


of  40  quatemaiy  inixtures  of  Uiopoil*^  (fi«^ 

mUrViphyri^  ondNickdUropon*yn.L 
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0.45 


Wavelength  (nm) 

Figure  5  Porphyrin  response  proffles  corrected  for  filter  bandpass,  source  radiance,  and  detector  sensitivity 

The  regression  vector  (R)  can  then  be  used  to  determine  the  concentration  of  an  unknown  compound  (y„J 

from  its  qtectrum  (x)  as  shown  in  Equation  23 . 


y«  =  x*R^ 


(23) 


A  PCR  model  for  the  determination  of  Cu-U  was  constructed  from  20  rf  the  quaternary  porphyrin 
mixtures  corresponding  to  a  20  x  251  data  matrix.  Since  there  arc  no  t^cal  analogs  for  the  kinds  rf 
spectral  pre-processing  used  in  multivariate  calibration,  none  was  carried  out  on  the  data  set  prior  to  the 
^el  fA.»cfn.rri»n  The  modcl,  which  required  4  factors,  was  vahdated  with  the  remaimng  porphyrin 

mixtures  (20)  yielding  an  SEP  of  0.3 1  pM. 

UsinK  the  same  4-fector  PCR  regression  vector  above,  the  filter  design  algorithm  was  initialized  by  a  ^  of 
60  nmdom  layer  thicknesses.  A  partial  match  of  the  regression  vector  was  m^  m  which^startmg  ^r 
thicknesses  were  modified  at  each  iteration  to  minimize  the  sum  of  squa^ 

vector  and  the  calculated  regression  vector.  It  is  envisaged  that  the  fiber  layers  that  define  the  n^h 
nKtaineri  from  this  minimization  process  would  also  define  a  convenient  qxrt  on  the 
which  a  search  for  the  “best”  minimum  (representing  the  optimal  layer  thicknesses)  is  initiated.  With  this  m 
mind,  a  final  filter  design  consisUng  of  34  layers  that  corresponds  to  an  SEP  of 0  29hM  (see  eqii^ons  IS¬ 
IS)  was  created.  The  filter  spectrum  is  shown  in  Figure  6.  Thus,  the  calculated  MOE  vector  is  a  sli^ 
improvement  on  the  PCR  regression  vector  in  tentis  of  predictive  ahiliqr.  A  gain  factor  of -32.09,  was  u^ 
to  scale  the  calculated  regression  vector  into  the  filter  spectrum  (Equation  13).  Table  1  shows 
laycis  of  the  hi  A  index  material  (NbjOj),  and  the  low  index  material  (SiOz),  whi(±  make  up  the  filter 
d«ign.  A  comparison  of  the  regression  vector  that  yields  this  filter  design,  with  the  PCR  regression  vector 

is  shown  in  Figure  7. 
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Figure  6.  Transmittance  spectrum  of  an  MOE  element  for  the  detennination  of  copper  porphyrin  in  a  quaternary 

mixture 
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Figure  7.  Comparison  of  PCR  regression  vector  to  the  regression  vector  scaled  ftom  the  MOE 

transmittance  spectrum 
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Table  1.  MOE  design  for  the  determination  of  copper  porphyrin  in  quatemaiy  porphyrin  mixture. 


Layer 

Material 

Thickness  (nm) 

Layer 

Materia] 

Thickness  (nm) 

1 

NbzO, 

100.95 

18 

SiQz 

59.84 

2 

SiOj 

43.2 

19 

NbzO, 

190.81 

3 

NbjOs 

75.32 

20 

SiOz 

44.53 

4 

SiQ: 

72.66 

21 

NbzOs 

75.82 

5 

NbzOj 

140.66 

22 

SiQz 

13.66 

6 

SiOz 

93.78 

23 

NbzOs 

67.92 

7 

NbzOs 

158.18 

24 

SiOz 

47.21 

8 

SiOz 

73.07 

25 

NbzOs 

99.1 

9 

Nb205 

160.45 

26 

SiOz 

30.35 

10 

SiOz 

65.66 

27 

NbzOs 

36.65 

11 

NbjO, 

73.69 

28 

SiOz 

34.61 

12 

SiOi 

12.05 

29 

NbzOs 

115.19 

13 

NbzOs 

74.52 

30 

SiOz 

97.09 

14 

Si02 

50.2 

31 

NbzOs 

163.76 

15 

Nb^Os 

89.35 

32 

SiOz 

25.06 

16 

SiOz 

21.35 

33 

NbzOs 

38.55 

17 

NbzOs 

85.51 

34 

SiOz 

70.98 

5.  CONCLUSION 

A  fairly  straightforward  algorithm  for  the  design  of  filter  dements  used  for  optical  computing  has  been 
described  and  successfully  demonstrated.  The  algorithm  synthesizes  a  MOE  with  the  best  predictive  ability 
for  a  chemical  q)ecies  of  interest.  Unlike  design  methods  that  are  dependent  on  matching  a  fixed  profile, 
this  algorithm  provides  multiple  pathways  through  which  various  MOE  designs  are  obtained  all  of  which 
are  still  subject  to  maintaining  a  low  RMSQ.  Because  of  this,  the  algorithm  also  provides  a  means  by  which 
a  particular  filter  design  can  be  modified  continuously  during  the  fabrication  process  to  correct  for  errors 
generated  firom  the  manufacturing  process  without  seriously  compromising  the  predictive  ability  of  the 
MOE.  The  mpanig  by  which  this  is  implemented  is  the  subject  of  fuUire  work. 
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ABSTRACT 

Miilttvariate  Optical  Confuting  (MOC)  devices  have  the  potential  greatly  sunplifying  as  well  as 
reducing  the  cost  of  tqiplying  the  mathematics  of  multivariate  regression  to  problems  of  chermcal  analysis 
in  the  teal  world.  These  devices  rititiye  ^qiecial  optical  interference  coatmgs  known  as  multivariate  optical 
(MOEs)  that  arc  oacoded  with  pre-determined  spectroscopic  patterns  to  selectivebr  quantify  a 
diemical  qiedes  rtf  interest  in  the  presence  of  other  interfering  ^lecies.  A  T-fonnat  prototype  of  the  first 
mmpiiriiig  device  is  presented  utilizing  a  multilayer  MOE  consisting  of  ahemating  layers  of  two 
metal  oxide  films  (NbjOs  and  SiOJ  oa  a  BK-7  glass  substrate.  The  device  was  tested  by  using  it  to  qumitify 
copper  uropoipltyiin  in  a  quaternary  mixture  consisting  of  uroporphyrin  (fiedese),  tin  uiopoiphyrin,  nickel 
uropoiidtyiin,  and  copper  uroporifitytiiL  A  standard  error  rtf  prediction  (SEP)  of  0.86pM  was  obtained  fin 
ocqqier  uropotpltyTiiL 

Keywords:  c^cal  oonqmting,  fliin  films,  chemometrics,  spectroscopy,  interference  coatings 


1.  INTRODUCTION 

Multivariate  calibration  is  an  esthblidied  tool  in  chemometrics  for  the  correlation  rf  a  |dtysical  or  ctonical 
prnp<*rty  t«  infnrmarinn  ^nning  irniltiple  wavelength  channels  in  optkal  spectroscopy  .Tte 

^•ottPMTtimiat  ajytirarion  nf  this  tool  in  chemical  analysis  entails  fiist  the  acyiisition  of  optical  ^lectra  in  > 
the  aq^nopriate  wavdength  npaa  (typically  from  the  ultraviolet  to  the  mid-infrate^.  Next,  chemuu^ic 
tools  are  used  to  extract  a  qiectral  pattern  (the  regression  vector)  which  is  correlated  to  the  property  of 

interest  but  orthogonal  to  interfiaences*.  Prediction  of  the  property  in  m  unknown  sairqilc  is  then  carried 

out  by  fee  magniuide  of  the  spectral  pattern  in  fee  optical  plectrum  of  the  saitqde  More 

specifically,  the  magnitude  is  calculated  by  taking  the  inner  product  of  the  regression  vector  and  the  optical 

giectinm  of  fee  mdoiown  sanqde.  A  major  drawback  in  the  wideqnead  use  of  muUivaiiate  calilHatirm, 
especially  fin  field  ^qilicafems,  is  its  dependence  on  expensive  and  bulky  laboratmy-type  equipment  fin 
acquisition  and  analysis. 

A  recent  priblication&om  our  Wboratoiy^  addressed  the  feasibility  of  using  optical  computing  in  fwedic^ 
spcctroscq^  to  siiiq>lify  and  harden  the  apparatus  necessary  for  chemical  prediction  finom  a  theoretical 
standpoint  The  first  iqKMts  of  a  related  hypothetical  opucal  ^roach  to  multivariate  chemical 
measmement  were  those  of  Bialkowski^  The  use  of  a  single  MOE  in  abeam^littcr  cwifigoration  has  also 
been  desetibed  for  the  same  purpose’,  a  permutation  most  similar  to  that  pn^)osed  Ryabenlco  and 
Ka^xtrov^.  The  all-optical  jq)pn)ach  proposed  by  our  laboratory  differs  from  previous  work  by  centering 
around  the  production  of  one  or  more  optical  interference  coatings  whose  transmi^on  qiectra  incorporate 
features  of  a  iqiectral  legressicHi  vector  Such  interference  Olters  based  on  moitivariate  spectroscc^  will  be 
referred  to  henceforth  as  multivariate  optical  elements  (MOEs).  MOEs  have  never  been  demonstrated  as  a 
tool  for  actual  chemical  measurement,  however. 


*  Correspondence:  Email:  myrick@psc.sc.edu;  Telephone;  803-777-6018;  Fax:  803-777-9521. 
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^  P^otype  of  a  ample  optical  oonqmting  device  uang  a  MOE.  A  quatemaiy 
poiphynn  m^  consistog  of  uiopoiphyrin  (freebase),  copper  uroporphyrin,  nickel  uroponSS^ 
zinc  uropo^fayiin,  vra^lccted  to  deagn  a  MOE  that  would  test  the  concqpt  of  all-optical  pte^ctioa  The 
^^ed  Ww  consist  of  several  dements.  First,  the  optical  properties  of  jJl  the  pertinent 
eompon^  of  a  simple  T-format  spectroscopic  system  (Figure  1)  were  evaluated.  Second,  spe^rfa 

Si^Sr  iT"*"^  r*  ^  radi”“  scale  for  chSLtric 

inteiprctatioa  Third,  a  theoretical  design  for  a  multivariate  optical  dement  (MOE)  suitable  to  this 

Fourth,  the  MOE  was  febricated  in-house.  Finally,  the  MOE  was  instaUediJ 
our  T-fonnat  instrument  and  measurements  of  caUbration  and  validation  sanqiles  were  performed. 


2.  EXPERIMENTAL  SECTION 

Demom^on  of  to  MOC  technique  was  carried  out  on  a  compact  T-format  instrument  (Figure  1)  which 

was  constructed  using  Linos  Photonics  (Milford,  MA)  optical  components.  ^  ^  ),wnicn 

A  6V/6W  togsten  filament  lamp  (Linos  Photonics)  with  1x1 .2mm  active  filament  area  was  used  as  a  light 

of  the  lamp  was  measured  in  W  /srKxnCiith  a 
Of  a  Chromex  250IS  spectrometer  with  a  300gr/mm  grating  blazed  at 
^  nmand  a  Princeton  Instruments  1100  X  300  pixel  CCD  camera,  model  TE/CCD-ll^PE  The  inmit 

^  ^  these  measurements^le 

q^iatmg  volt^e  fw  to  lamp  was  fixed  at  5.76  V.  The  wavelength  range  of  to  camera/spectrometer 
s^m  was  calftrat^  with  a  standard  mercuiy  pen  lamp  and  a  standard  neon  lanqi.  The  spectral  radiance 
wnditions  was  calibrated  against  an  OL  scries  455  integrating  sphere  calibration 
standard  lamp  (Optiomc  Laboratories  Inc.)  operated  under  standaid  conditions. 


The^two  Si  photodiode  active  detectors  were  type  BPW21  (Linos  Photonics)  with  a  sensitive  area  of  2.7 
mm  ,  spectral  range  320-^  nm  and  radiant  sensitivity  at  the  peak  wavelength  (550  nm)  of  3.8  V/mW  The 
lel^e  qiectral  scnsitivily  of  the  detector  wavelength  was  estimated  flora  a  Linos  Photonics  data  sheet 
givmg  values  measured  at  25  degrees  C  and  12  V  DC  supply  voltage. 


A  teru^s  filter  set  was  used  to  isolate  the  spectral  region  between  400  nm  and  650  nm  in  which  the 
^Dle  *soibances  of  to  two  dyes  are  found.  The  bani^iass  set  consisted  of  two  3  mm  thick  Schott  giagc 
filters  (Duiyea,  PA)  BG-39  and  GG400. 


Die  ^iphyiin  mixtures  used  for  the  MOE  design  were  prepared  from  four  porphyrins  obtained  fiom 
rorplQim  ftoih^lnc.  (Logan,  UT),  Uroporphjrin  I  Diltydrochloride  (Uro),  Sn  (TV)  Uroporphyrin  I 
Ehchlonde  (Sn-P),  Chi  (II)  Un^iphyrin  I  (Cu-P),  and  Ni  (II)  Uroporphyrin  I  (Ni-P).  Sto<±  millions  in  IM 
^3  solution  of  Uro  at  106pH  Sn-P  at  57.4nM,  Cu-P  at  62.6pM,  and  Ni-P  at  56.1pM  were  prepared. 
Random  mimbers  were  generated  and  applied  in  diluting  to  stodc  solutions  to  ensure  that  to  relative 
conflation  of  to  four  porphyrins  varied  independently.  The  random  numbers  were  also  chosen  to  ensure 
that  to  transmittance  spectra  of  the  diluted  mixtures  were  between  30  %  and  70  %.  In  this  manner  40 
porphyrin  solutions  were  prepared  in  which  to  concentrations  of  to  four  porphyrins  varied 
imOndcntly.  Cu-P  was  selected  as  the  analyte  while  Uro,  Ni-P,  and  Sn-P  were  treated  as  uncondated 
jOerents  whose  concentrations  varied  randomly.  Optical  spectra  of  the  mixtures  were  recorded  on  a 
Ifcwlctt-Packard  UV-VIS  diode  array  spectrometer  (Model  8543)  fiom  400  nm  to  650  nm  (Figure  2)  The 
samples  were  measured  in  a  1-cm  fused-sUica  cell  (Starna  Cells  Inc.,  Atascadero,  CA). 


FoUowi^^  coupon  and  radiometric  corrections  for  lanp  intensity,  detector  response  and  hanrtpacc 
desi^  ofMOE  coatings  using  an  iteraUve  spectra! -matching  ^thesis  was  performed.  For  this  purpose  a 
noi^ear  least  squares  algorithm  was  written  in-1  ouse  in  to  MA1LAB  programming  environment  was 


The  MOE  was  manufectured  via  reactive  magnetron  sputtering  (RMS)'®  Our  sputtering  ^em  (Model  CV 
5.1)  was  custom-manufactured  by  Corona  Vacuum  Coalers  of  Vancouver,  B.C.  The  ^em  cerates  at 
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room  ten^perature  and  utilizes  a  40  kHz  mid-frequency  RF  supply  to  power  four  water-cooled  planar 
magnetrons  positioned  in  pairs  aiDond  a  drum  that  rotates  about  a  hoiizontal  axis.  The  coating  chamber  is 
22  inches  in  diam^er  and  20  inches  deep,  contains  4  inch  x  10  inch  magnetron  targets,  two  containing 
niobium  (99.95  %  pure,  high  index)  a^  two  containing  silicon  (99.9999  %  pure,  low  index).  Each 
magnetron  target  is  powered  at  ^^roximately  0.7  kW,  although  the  power  is  varied  during  dq)osition  as 
one  method  of  controlling  deposition  rate.  The  RMS  process  was  used  to  deposit  alternating  layers  of 
niobium  pentoxide  and  silicon  dioxide  (SiQz)  films  by  reaction  with  oxygen  in  the  gas  mixture. 

MOE  designs  require  accurate  knowledge  of  the  optical  constants  of  the  coating  materials.  Experimental 
measurements  of  the  real  and  imaginary  refractive  indices  of  Nb205  and  SiQ2  deposited  in  our  chamber 
were  determined  by  variable  angle  q)ectroscopic  ellipsometry. 

The  MOE  tested  here  was  frbiicated  on  a  l-inch  BK-7  gla.ss  substrate.  Layer  deposition  was  optically 
monitored  <mline  with  a  1200  line/mm  grating  monochromator  (Model  9030,  Sdencetec,  London  ON) 
blazed  at  250  iuil  Light  d^ection  was  achieved  using  a  ph^multiplier  tube  (Model  H5784-03, 
Hamamatsu,  J^)an).  Visible  light  was  obtained  from  a  tungsten  filament  lanq)  (Gilw^  Technical  Lamps, 
Waltham,  MA).  After  MOE  design  was  completed,  the  interference  effects  on  transmission  for  cadi  l^cr 
were  conqmted  at  all  accessible  monitoring  wavelengths.  Hie  system  can  currently  monitor  wavelengths 
between  420  run  and  600  nm  with  ^^roximately  1  nm  resolution,  and  thus  abcnit  180  different  "monitor 
curves"  were  produced  firr  each  layer.  From  the  180  possible  curves,  the  cqitiinum  wavelength  for 
monitoring  and  controlling  the  deposition  of  each  layer  was  selected  based  on  a  set  of  criteria  developed  as 
a  result  of  experience  in  our  laboratory.  Process  control  of  tl^  dqposition  process  was  performed  with  in- 
house  software  written  in  the  Ld>VIEW  5.1  programming  environment  tl^  operated  in  conceit  with  the 
system-control  software  provided  by  Corona  Vacuum  Coaters.  The  two  software  padrages  used  the 
selected  monitor  carves  to  dqxisit  each  filter  layer  as  accurately  as  possible. 

After  the  production  of  the  MOE  as  described  above,  it  was  installed  in  the  T-format  instrument  shown  in 
Figure  1.  20  new  sanqiles  of  the  porphyrin  mixtures  were  prepared  using  the  random  number  generation 
described  above.  The  difference  between  the  signal  due  to  light  transmission  through  the  sample  followed 
by  transmission  through  the  optical  filter  (aligned  at  approximately  45  degrees),  and  light  transmission 
ti^ugh  the  sample  followed  by  reflection  from  the  suil^  of  the  opdcal  filter,  were  measured  for  each 
sanqile.  Ten  of  these  measurements  were  used  for  calibrating  the  instrument  (determining  the  qitimum 
gain  foctor  finr  the  two  detectors),  while  the  remaining  nineteen  sanqiles  were  used  to  validate  the 
calibration  model 


3.  RESULTS  AND  DISCUSSION 

Single  MOEs  can  be  derigned  for  chmnometric  prediction  using  them  in  a  beamsplitter  arrangement  as 
shown  in  Figure  T.  Consider  the  cptical  transmission  spectrum  ofan  MOE  to  be  T(X)~  0.5 +L(X),  where 

L(A.)  is  a  spectral  pattern  that  can  also  be  represented  in  vector  form  as  L .  Assoming  n^giUe 
absorbance  in  the  MOE,  the  difference  between  the  intensity  of  light  transmitted  throu^  the  MOE 

^  •  S^  and  light  reflected  from  it  ^  ^  is  proportional  to  the  scalar  produa  of  the  vector  L  with  the 

sanqile  spectrum  vector,  S 


^-r)*  S  =  ^0.5  +  l)-  (o.5-l))*  S  =  L  •  S 


(1) 


To  achieve  this,  the  spectnm  of  the  45-degree  filter  must  be  designed  such  that  an  optimal  multivariate 
regression  vector  can  be  derived  from  it  that  results  in  the  best  possible  standard  error  of  sanq>^^  prediction. 

a.  Sdection  of  Ae  Spectral  Window  and  Spectral  Mode 

Although  MOC  should  fimction  in  many  linear  types  of  spectroscopy,  the  most  convenient  and  most  basic 
multivariate  measurement  to  set  iq>  is  spectral  absorbance.  MOC  sk^d  also  fimction  in  aity  spectral  range 
where  good  qitical  elements  can  be  produced.  However,  in  our  laboratory  our  experimental  system  lends 
itself  most  convenientty  to  measurements  in  the  visible  spectroscopic  region.  Tbis  is  because  our  MOE- 
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^^tem  IS  presently  process-eontroUed  using  an  qjtical  monitor  between  420  nm  and  600  nm 

We  elected  to  make  measurements  of  mixtures  of  visible-absoxbing  dyes  in  the  spectral  window  between 
approxunately420nmand600nm.  i":  winaow  oetween 


A^ibanw  is  nominally  linear  in  concentration  within  the  limits  over  which  Beer's  Law  holds.  A 

IS  logarithmically  related  to  concentration.  Nevertheless,  a  numSstudies  condatin^ 
nidiometnc  measuiments  to  chemical  properties  using  linear  chemometiic  models  1^ 
been  Panned  With  wmc  success  In  the  limit  of  low  absoibances,  transmittance  varies  lineariy  with 
IT"  transmittance  can  be  considered  piecewise  linear  with 

^^ti^on.  Also,  it  has  bera  shown  that  linear  multivariate  calibration  methods  like  PCR  and  PLS 
Lm  Square  R^re^on),  can  satisfecto^  model  nonlinear  responses  by  the  inclusion  of  extra 
v“  ^  ^  ^  following  discussion,  Se  raw  data  fiom  wS 

^  “  transmittance  and  absorbance  mode  for  comparison  purposes 

to  evaluate  how  the  nonhneanty  of  tiansimttance  with  concentration  affects  the  resulting  prediction  error. 

b.  Radiometric  Correction  of  Spectral  Data 

Since  measurement  ^  an  MOE-based  instrument  is  inherently  radiometric  in  nature,  a  number  of  fectors 
absorption  measurements  must  be  quantitatively  evaluated.  A  realistic 
instrument  detector  signal  mist  therefore  include  a  convolution  of  the  foUowing 

(a)  ne  petrol  radi^ce  of  the  source:  A  tungsten  filament  lamp  was  selected  to  serve  as  a  light  source  for 
foe  measurer^  lamps  are  approximately  black-body-^  emitters,  with  a  spectral  radiance 

maximurn  m  the  near-infiaied.  The  spectral  radiance  of  our  tungsten  filament  lamp  after  passing  through  a 
1  mm  pinhole  was  determined.  The  spectral  radiance  profile  then  was  corrected  for  the  solid 

4  JF  sfo™*inns,  where  r  and  f  are  the  radius  and  focal  length  of  the  focusing  lens  in  the  cafibration 

system),  and  the  pinhole  area  (=7trp^  mm^  where  rp  is  foe  radius  of  the  pinhole). 


Transmittance  of  Ae  bandpass  selection  filters:  In  ordinary  chcmoroetric  qiplications  out-ofband 
li^  can  be  eliminated  by  simply  ignoring  it  That  is,  light  fiom  the  sample  that  is  not  in  the  range  over 
whi^^cherometncs  IS  performed  does  not  have  to  be  sampled  In  the  MOC  measurement,  however 
band  sdection  filters  are  used  to  obtain  this  result.  In  order  to  ensure  that  light  from  outside  the  wavelength 
range  of  our  targeted  reqxmse  window  (400-650  nm)  is  not  transmitted  through  the  MOE  onto  the  detcitor 


(c)  The  spectral  sensitivity  of  the  detector:  Si  photodiode  detectors  were  selected  for  the  dual  rhaniw»i 
measmement  system  (Figure  1).  A  plot  of  the  detector  sensitivity  versus  wavelength  was  p^rimativi  fiom 
inanu&ctnier-provided  gr^h  The  sensitivity  reaches  a  maximum  at  about  550  nm  and  tapers  off  in  foe 
short-wavelength  near  infrared  regioa 


Fipire  3  foows  foe  sanqile  transmittance  qiectra  corrected  fin  the  radiometric  quantities  described  above 
and  thof  rqiresent  the  oqiected  detector  spectral  reqxmse  for  each  «BiinpiP 

c.  MOE  Design 

these  ^rs  are  known,  the  design  of  an  MOE  must  be  conducted  via  iterative  thin-film  synthesis 
^ect  to  ^table  starting,  optimization  and  stopping  criteria.  A  method  of  MOE  design  known  as  Spectral 
Vectm  Rdaxahon  (SVR)  has  been  developed  in  our  laboratory  with  the  aid  of  Prof.  Paul  Gempcrline  of 
East  Carohm  University.  The  basis  of  SVR  is  that  many  vectors  satisfy  foe  criteria  for  good  regression 
^ors  m  addition  to  the  ones  that  are  found  by  PC3L  SVR  simply  selects  foe  vector  that  is  sinqjlest  to 


If  n  K  the  nuiite  of  layers  in  the  coating,  optimization  using  the  SVR  algorithm  can  be  visualized  in  an 
n-t2  dimensional  space.  The  additional  two  dimensions  in  the  qiace  are  scaling  (G)  and  ofiset  (off)  foaors 

^  variable  in  the  sanqile.  The  figure  of  merit  in  this  optimization 

is  foe  SEP  for  prediction  of  the  dependent  variable  using  the  design  of  foe  coating  at  each  iteration  The 
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steps  to  calculating  the  SEP  at  the  end  of  each  iteration  is  as  follows;  first,  the  current  optical  transmission 
spectrum  (T(X))  q>anniiig  m  wavelength  channels  is  scaled  to  a  regression  vector  as  in  equation  4  below: 


2G[m)-0.5] 

Ua)  = -  (2) 

m 

Next,  an  estimate  of  the  concentration  of  sample  i  (y  | ),  is  determined  the  scalar  product  ci  its  spectrum 
(x  J )  with  the  regression  vector  (L  ); 

yi=xiL^+<#  (3) 

where  t  rq}resents  the  vector  transpose.  By  substituting  equation  4  into  equation  5,  the  SEP  for  N  validation 
sanq)les  is  calculated  thus: 


SEP  = 


I 


Nff  r2Gft- 0.5)1^ 

sn  - 1 


1  ]■ 

J  J 


N 


(4) 


During  optimization,  layers  thicknesses  that  fill  below  a  q)ecified  threshold  value  are  deleted  because 
extremely  thin  laytis  are  difficult  to  deposit  accurately  in  cmr  current  apparatus.  Because  the  final  MO£ 
design  that  results  fiom  SVR  can  have  less  than,  or  equal  to,  the  starting  number,  this  novel  algorithm 
creates  designs  with  smaller  ov^all  coating  thidcnesses  than  those  created  with  needle  q>timizatioa  In 
practice,  we  have  found  that  this  can  often  be  achieved  without  sacrificing  predictive  abili^. 

The  starting  point  of  the  q>tiinization  routine  is  important  since  the  SVR  algorithm  can  converge  to  a  non- 
^obal  optimum.  The  dioice  of  an  appropriate  starting  point  usually  produces  a  rapid  descent  to  the  global 
(^itimom  for  a  given  iq^jer-bound  1^1  of  complexity. 

There  are  currently  two  variants  of  the  SVR  MOE  design  algorithm  that  differ  in  their  modes  of 
initialization.  The  first  one  initializes  the  optimization  process  with  a  specified  number  of  l^rers  with 
random  thicknesses,  wdiich  are  then  modified  to  give  the  best  MOE  design.  Starting  with  a  random  number 
of  layers  or  layers  with  fixed  thicknesses,  the  second  variant  to  the  design  algorithm  creates  a  parti^  deagn 
by  ciudcly  matching  the  PCR  r^ression  vector  using  standard  special  matching.  With  tiiis  partial  design 
as  the  starting  point,  the  MOE  spectnun  is  then  further  refined.  The  SVR  method  of  MOE  synthesis  does 
not  add  new  l^rs,  but  in^ead  deletes  layers  that  fall  below  a  specified  minimum  permissible  thickness 
during  iteration. 

The  SVR  design  algorithm  was  used  to  produce  an  MOE  consisting  of  2S-layers  with  a  total  thickness  of 
3.08  pM.  This  design  was  selected  for  fobrication  as  described  in  the  following  sections.  The  qiectrum  of 
the  MOE  is  shown  in  Figure  4. 

d.  MOE  Fabrication 

The  multilayer  thin  film  coating  as  synthesized  by  the  filter  design  algorithm  consists  of  alternating  layers 
of  Nb205  and  SiQ2  deposited  on  a  glass  substrate  (Coming  BK-7).  These  materials  have  well-defined 
refiactive  indices,  and  are  suitable  for  use  between  the  near  UV  and  the  long-wavdength  mid-infiared 
^>ectial  regions.  Only  one  set  of  targets,  either  of  elemental  niobium  or  elemental  silicon,  is  operated  at  a 
given  time  during  dq)Osition,  producing  films  of  exclusively  one  or  the  other  material. 

During  the  RMS  process^^  argon  atoms  are  ionized  and  entrained  in  a  magnetic  field.  The  argon  ions  strike 
the  elemental  targets  and  eject  atoms  from  the  targets  by  momentum  transfer.  Oxide  films  form  on  the 
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«  o  UK  i«K.uou  Ui  me  mcuu  atoms  am  oxygen  m  me  cnamoer  gas.  i  nis  reaetton  occurs 

excluavefy  on  the  substrate  under  the  conditions  of  dqwsition.  The  placement  of  the  substrate  on  a  14- 
^ad^^^gon-shaped  rotating  drum  ensures  a  uniform  coating  as  the  dram  sweeps  through  the 

^>ioceM  Control.  The  layer  thicimesses  of  the  coating  materials  must  be  controUed  very  precisely  during 
dqt^tron  to  ensure  that  the  MOE  spectrum  accurate^  matches  the  design.  The  progress  of  the  MOE 
^nc^OT  rs  momtored  by  keqring  trade  of  the  evolving  filter  ^)cctrum  as  each  1^  is 

**  inonitor  curves,  which  are  single-wavelength  transmittance  roectra  of  the 

eyotv^  MOE  qiectmm  for  individual  layers  (i.c.  transmittance  versus  layer  thickness).  In  an  ideal 
srt^on,  erqrerimentally  measured  monitor  curves  are  conqrared  with  calculated  values  to  determine  the 
end-pomt  of  layer  dqrositioa  The  feciUties  that  are  currently  available  to  us  for  process  monitoring  do  not 
aUow  m  to  drrectly  measure  the  true  transmittance  as  the  layers  are  coated,  but  instead  only  the  power 
tran^tted  tlm^  the  coating.  The  relationship  between  the  observed  monitor  values  and  the  predicted 
momtor  cu^  rs  found  by  normalizing  the  experimental  monitor  curves  to  the  themetical  curves  at  turning 
pomts  m  their  transmission  as  a  function  of  layer  thickness.  L^r  dqiosition  is  terminatwl  when 
normaiized  values  of  the  transmittance  match  the  value  expected  for  the  target  thickness  as  closely  as 
possible.  In  oor  c?q)encnce,  the  feirly  complex  normalization  routines  wc  have  built  into  our  Lab  VIEW 
process  ocHitrol  engine  only  work  well  when  the  monitor  curve  wavelengths  are  very  carefully. 

After  the  selection  of  appropriate  monitor  curves,  the  software  program  generates  a  recipe  file  which 
con^  the  diamber  operating  conditions  for  the  initial  dqiosilion  of  aU  the  individual  layers.  Since  these 
conditioiis  are  based  purely  on  the  approximate  dqiosition  rate  of  the  materials,  they  are  onfy  accurate  to 
wftm  about  5%.  Consequently,  the  ^stera  is  designed  to  antomatically  deposit  mily  80%  of  each  Iwer 
initially  to  avord  ova-depositing  the  layer  before  the  process  control  algorithm  comes  into  pliw.  The 
paranKters  entered  into  the  recipe  file  include  the  Ar  and  O2  flow  rates  (controlled  by  mass  flow 
TOntroUers),  pre-detenmned  r^tor  wavelengths  for  each  Is^,  the  number  of  deposition  cycles  required 
for  approxiinately  80%  dqwsition  of  each  layer,  the  magnetron  power,  pre-dqmsition  ^mttering  time  (to 
dean  the  targets  of  contaminants)  and  the  detector  gain.  After  each  layer  is  80%  deposited,  new  minmanHc 
arc  into  the  ledpe  file  by  our  process  control  engine  to  make  adjustments  to  the  process  parameters 

until  the  1^  dqwsition  is  cranplete.  These  updates  to  the  lecqie  file  are  fully  automated. 

DqrositHm  rates  arc  rarely  ranstant  due  to  slight  fluctuations  in  power  as  well  as  the  values  of  the  optical 
const^  (Lc.  l^rer  absorption  coefficients  and  refiactive  indices  as  fhnetions  of  wavelength)  of  the  two 
materials  at  room  tempeialurc  over  a  period  of  time.  Also  certain  layers  are  more  sensitive  to  errors  than 
others  due  to  a  lade  of  adequate  monitor  curves  at  the  available  wavelengths.  These  foctors  combine  to 
introduce  minor  errors  in  the  MOE  spectrum.  In  spite  of  this,  we  have  been  able  to  routinely  produce  filter 
dements  with  better  ftian  95%  accuracy.  Figure  4  shows  a  oon^arison  of  the  measured  MOE  ^)ectram  at 
45  degr^  to  tte  design  (theoretical)  spectrum.  Much  of  the  error  between  the  two  curves  is  an  ofi&et  due 
to  polarization  in  the  qiectrometer  that  recorded  the  measuremenL  Even  so,  there  is  a  reasonably  good  fit 
between  the  two  plectra. 

e.  Installation  and  ‘nming  of  the  MOE  in  the  MeasuFcnicnt  System:  The  qitical  spectra  of  the  original 
samples  fiom  which  ^  MOE  was  designed  were  recorded  on  a  W-Vis  diode  amy  »p«-tTntnM,.r 
However,  the  dqxisition  of  the  coating  is  controlled  with  a  different  Electrometer.  If  two 
Electrometers  are  not  exactly  catibrated  in  wavelength  with  one  another,  the  result  will  jpproximately  be  a 
fijHrf  wavdength  ofifeel  between  the  actual  MOE  Eiectram  at  the  desired  angle  of  itiririonrv.  and  the 
designed  MOE  spectrum  at  the  same  angle.  Provided  that  this  error  is  .small  it  can  be  corrected  by  slightly 
tuning  the  angle  of  the  MOE  in  the  measurement  system.  That  is,  instead  of  using  the  MOE  at  exactly  45 
degrees,  the  optimum  angle  might  be  slightly  more  or  less  than  45  degrees,  dqicn^  on  the  wavelength 
calibrations  of  the  tw  spectrometers.  The  best  spectrometer  for  malring  this  determination  is  clearly  the 
one  on  which  the  original  samples  were  measured.  For  this  reason,  a  device  to  adjust  the  filter  angiA  prior 
to  sample  measurements  was  built  This  device  consists  of  a  micrometer-driven  adjustment  for  the  MOE 
angle.  When  the  MOE  was  installed  in  the  optical  block  shown  in  Figure  1,  the  optical  block  was 
transferred  to  the  origina]  EJCctrometer  and  adjusted  with  the  micrometer-driven  tool  to  match  the 
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wavelength  axis  with  the  design  as  dosdy  as  possible.  After  adjustment,  the  MOE  was  iocken  in  place  ana 
transfened  back  to  the  system  for  measurements. 

f.  Analysis  vi  Qnatemary  Dye  Mixture:  In  order  to  gauge  the  results  of  the  MCX^  measurements  (u^g 
the  ^iparatiis  in  Figure  1  fitted  with  the  fobricated  MOE)  against  oonventimial  multivariate  calibration, 
conventional  PCR  rpgressicni  analysis  was  carried  out  on  the  same  dataset  used  for  MOE  design.  A  PCR 
calibiation  of  the  Cu-U  oonoentiation  (requiring  5  foctors)  was  initially  carried  out  with  detector  response 
profiles  that  are  obtained  by  the  convolution  of  the  measured  transmittance  plectra  with  the  radiometric 
quantities  desoibed  dxive.  This  produced  a  SEP  of  0.31  pM  in  Cu-U.  The  SEP  inoduoed  fiom  the  SVR 
MOE  design  was  0.60  pM  This  foiriy  large  difference  between  this  value  and  the  PCR  value  is  because  the 
SVR  algorithm  is  constrained  to  produces  an  MOE  regression  vectm  that  is  easiest  fabricate  (within  the 
limitations  inqiosed  1^  the  sfRitteiing  system).  Other  MOE  designs  are  possible  that  compare  more 
fovorably  with  the  PCR  calibration  vector,  but  these  are  not  necessarily  the  ea^  to  make.  Planned  iq)grades 
to  the  hardware  would  allow  us  greater  latitude  in  using  better  MOE  designs. 

The  theoretical  SEP  ftir  our  26-l2iyer  SVR  MOE  is  based  on  spectra  obtained  on  a  conventional 
iqiectiometer.  To  evaluate  the  way  in  which  a  real  MOE  will  (qierate,  we  should  omsider  the  source  of  the 
SEP.  1^  ftir  instance,  0.26  pM  is  an  SEP  attributable  to  model  errors  (as  is  probably  the  case  here),  then  a 
real  MQE-based  device  could  produce  an  actual  SEP  no  better  than  this  v^ue.  In  other  words,  if  model 
errors  are  leqmnsible  for  the  SEP,  then  the  theoretical  (model)  SEP  is  a  lower-bound  for  the  real  SEP. 
Errors  in  the  production  of  the  MOE  or  errors  in  the  calculations  preceding  the  model  ccmld  negatively 
impact  the  result,  but  probably  not  inq^rove  it  On  the  other  hand,  if  the  SEP  is  not  limited  by  model  error 
but  by  signal  to  noise  in  the  original  measurements  on  conventional  instruments,  an  MOE  could 
conceivably  inqrFove  the  result  As  describe  in  reference  5,  MOEs  are  for  less  sensitive  to  detector  noise 
contributions  and  low  light  levds  than  are  conventional  ^)ectroinctry  systems.  In  general,  UV-Vis 
^lectrosocqiy  and  nmdeling  is  not  limited  by  noise  but  by  modd  errors.  Thus,  we  should  anticipate  that  our 
actual  MOE  will  not  miraculously  reduce  the  expected  SEP. 

Determination  of  Copper  Uroporphyrin  with  the  MOC  approach.  The  difference  (in  millivolts)  in  detector 
signals  between  detectors  viewing  MOE-refiected  vs.  MOE-transmitted  light  that  first  passed  thiougb 
validation  samples  was  measured  for  20  samples.  These  sanqiles  were  different  firom  those  sanqiles  that 
were  used  for  MOE  d^gn  but  were  designed  with  a  similar  ^lead  of  concentration  values.  10  of  these 
sanqiles  were  used  to  evaluate  the  relative  responsivities  of  the  two  detection  arms  of  the  measurement 
system.  To  nndfarigiafid  this  vthy  this  is  necessary,  consider  that  the  two  detectors  shown  in  Figure  1  are 
physical^  dHTp-mnt  devices  and  thus  can  have  slightly  different  relative  re^xmses.  Since  the  MOC 
measurement  is  given  the  difference  in  the  two  detector  responses,  a  correction  fector  (K)  is  necessary  to 
give  them  the  ga™*  overall  gain  With  an  incorrect  value  of  K,  condation  between  the  detector  differences 
and  the  Cu-P  concentration  is  seriously  degraded.  Figure  5  dKJWS  the  optimum  correlation  obtained 
between  the  d^ector  differences  and  BB  concentration  by  giving  K=1.18  in  tlw  MOC  equation: 

C  =  1.97  (T4CR)  +  46.59  (5) 

where  C  is  CurP  concentration  in  pM,  and  T  and  R  are  the  detector  ouqMits  in  millivolts. 

The  calibration  naidel  was  tested  using  the  linear  regressioii  model  in  equation  1  to  predict  the 
concentrations  of  the  remaining  10  samples.  Figure  6  shows  a  plot  of  tbe  predicted  Cu-P  concOTtiations 
versus  the  actual  Cu-P  ooncentnitions  using  this  model.  The  SEP  was  determined  to  be  0.86  pM. 


A  number  of  foctors  exist  to  explain  the  disparity  bet\^'een  the  estimated  linear  SEP  (0.86  pM)  for  MOC  in 
^  this  example  and  the  ejpected  SEP  of  0.60  |iM.  First,  we  were  unable  to  cahbratc  the  detectors  because  of 
instrumental  Jniytead,  data  fo)m  the  manufocturers  specifications  were  relied  iqxm  in 

determining  detector  qiectral  response.  This  information  is  of  a  general  nature  and  better  results  are 
expected  when  all  the  individual  (qitoclectronic  components  used  in  assembling  the  MOC  measurement 
system  are  fully  calibrated. 
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Nonnalizam  o  a.  aspM  of  muliivariatt  opdcal  oomptimioii  to  »il|  be  tte 

SJiflSf.'r*’  “l*ration  we  show  in  Figure  3c  buined  out  eariy  in  our  testing.  Although  a  new 

^  °"®  “  ultimatety  addressable  with  MOC  a 

specirai  vector  for  color  temperature  can  be  produced  that  will  enable  l^mm  tn  ht^  r^ntrr^u^  r 


CONCXUSIONS 


®  quaternary  poipl^iin  mixture.  The  results  obtained  compare  quit! 

^  “f  non-idealities  in  sample  measureS^S 

raiT^rotc^  instrument,  as  well  as  those  stemming  from  MOE  mam^^  Measurement^  be 
d.  „«cn^n  of  «  S 

K«^  areas  (rftheoiy  that  still  need  to  be  oqrlored  in  oider  to  gain  a  better  understanding  of 

***®°fy  l^as  been  developed  covering  the  suscqrtibilitv  of  this  tf^nou!^  tn 
^i^^iring  OTorSo  Also,  the  application  of  chemometrics  to  nuiiametric  data  has  not  been^v 
developed,  so  that  tbere  is  currently  no  way  to  quantitatively  predir^anSs^:iJJS  jS 

nonlmeanties  in  radiometry.AU  these  areas  are  subj^  of  further  s^  accumulates  from 

T-  ^  “  important  to  keep  in  mind  the  following  truth  about  multivariate  optical 
SSL  k  iT“  r  >0  all  the  same  problems  to  which  conventional  mnltiSS 
^  «>“>y  detectors,  it  can  hypothetically  produce  better 

SEPs  than  conv^tronal  spectroscopy;  but  it  is  no  less  sensitive  to  modd^rs  than  omSiti^l 

dSSd^Sr*  set  afproWetns  for  another.  At  the  cost  cf  a  compS 

and  nimnrfrctiir^  process  and  the  loss  of  some  oqjerimental  flexibilify  one  gainc  a  fer  sininler 
instnmc^  dram^caUy  lower  cost  and  maintenance.  In  our  laboraloiy,  for  example  we  cstimato^t 
of  prod^g  the  28-l^er  MOE  used  here  is  much  less  than  $100  per  elem^^hra  50  or  more  are 

made.  In  smne  mstances,  multivariate  optical  computation  is  a  tool  that  could  maVi»  mmpii^  snectioscooic 
measurements  accessible  to  a  mass  market.  conqMcx  spectroscqrrc 
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Figure  1  of  tile  prototype  of  a  multivariate  optical  computing  device  for  tiw  meastnemenl  of  Cu-P  m  a 

quateaman  pwphyiin  mixture.  MOE=mnltivariate  optical  element,  SC=quai1z  sanqile  cell,  OB=ophcal  block, 
BP=band^  fflter  set  r«»!i«Kiie  of  two  3  mm  schott  glasses,  CL=achioin^  colbmating  lens,  L=Tungsten  halogen 
i«np  P=innhcde,  011132=  Si  fdiotodiode  detectors  for  light  radiation  transmitted  tiaou^  and  reflected  &nm  the  MOE, 
Fl/F2=focusmg  lens. 


Wavelength  (nm) 


Figure  2.  Optical  tnmsnuttance  spectra  of  40  quaternary  mixtures  of  Uro,  Cu-P,  Sn-P,  and  Ni-P 


Proc.  SPIE  Vol  4284 


26 


Proc.  SPIE  Vol.  4284 


80 


T4ri.184{mV) 


Figine  5.  Coiielatian  of Cu-F  conceatration  (pM)  the  detectcn:  measuremeats  (mV). 


Figure  6.  Hot  of  predicted  Cu-P  ccmcentration  (}jM)  to  the  actual  Cu-P  concentratiQn  (pM). 
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Abstract.  Optical  interference  coatings  are  used  in  filter-based  T-format 
fluorimeters  to  make  beamsplitters,  bandpasses,  and  bandblocking  fil¬ 
ters  that  separate  excitation  and  emission  signals.  Commercially  avail¬ 
able  filters  usually  perform  well  in  these  applications,  but  better  perfor¬ 
mance  may  be  possible  if  the  system  of  optical  filters  is  tailored  to  the 
specific  analysis.  We  provide  a  general  method  for  designing  optical 
filters  for  the  optical  train  of  a  specific  fluorescence  sensor  system  simul¬ 
taneously  using  two  light-emitting  diode  (LED)  excitation  sources  (blue 
and  green)  and  two  different  fluorescent  indicators.  We  approach  the 
problem  of  designing  the  optics  of  the  system  by  first  constructing  a 
hypothetical  target  spectrum  for  each  filter  using  the  optical  spectrum  of 
the  excitation  source,  and  the  excitation  and  emission  spectra  of  the 
fluorescence  sensors.  Structural  designs  for  Nb205/SI02  multilayer  inter¬ 
ference  filters  are  then  synthesized.  An  iterative  evaluation  procedure  is 
then  used  to  improve  the  performance  of  the  system  for  minimal  leakage 
of  the  excitation  sources  onto  our  detector  array.  We  also  provide  ex¬ 
perimental  results  for  the  construction  of  these  filters  using  reactive  mag¬ 
netron  sputtering.  ©  2001  Society  of  Photo-Optical  Instrumentation  Engineers. 
[DOI:  10.1117/1.1367255] 
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1  introduction 

One  common  type  of  optical  instrument  is  the  filter-based 
T-format  (an  epi-illumination  geometiy)  fluorimeter.  The 
purpose  of  such  an  instrument  is  to  either  directly  measure 
an  analyte’s  fluorescence  intensity,  or  to  interrogate  a  fluo¬ 
rescence  transducer  that  is  sensitive  to  an  analyte  concen¬ 
tration  or  an  environmental  condition,  e.g.,  temperature.  A 
basic  T-format  instrument  has  three  arms:  the  excitation, 
detection,  and  sensor  arms.  It  normally  uses  a  beamsplitter 
of  some  type  to  separate  the  beam  paths  of  the  excitation 
and  detection  arms  of  the  instrument,  while  combining 
them  into  a  single  optical  train  on  the  sensor  arm.  Optical 
filters  are  incorporated  into  these  instruments  because  they 
reduce  costs,  have  higher  throughput  efficiencies,  and  are 
smaller  and  thus  more  portable  than  other  wavelength  se¬ 
lection  devices.  Commercially  available  optical  filters  make 
the  job  of  constructing  a  basic  T-format  system  simple; 
once  the  excitation  and  emission  wavelengths  are  defined 
for  the  sensor  arm,  and  the  excitation  source  and  detector 
are  selected,  adequate  filters  for  the  application  are  often 
available  from  various  companies  that  manufacture 
multilayer  interference  filters.  A  number  of  companies  pro¬ 
duce  optical  filters  specifically  for  T-format  instruments, 
among  which  are  Omega  Optical,  Inc.,  Chroma,  Inc.,  and 
Corion,  Inc. 

The  recent  introduction  of  fiber  optic-based  sensors  for 
the  measurement  of  various  analytes  using  arrays  of  differ¬ 
ent  fluorescence  transducers^"^ ^  has  complicated  the  design 


of  these  systems.  For  example,  recent  work  by  Walt 
et  al.^"^^  focuses  on  previously  developed  ‘‘artificial  nose” 
technology  to  detect  low-level  nitroaromatic  vapors  that 
may  be  present  on  the  soil  surface  above  buried  land  mines. 
This  work  employs  an  array  of  multiple  transducer  types 
for  vapor  detection  by  computational  analysis.^"  Many  of 
the  available  fluorescence-based  transducers  have  different 
optimal  excitation  and  emission  wavelengths.  One  possible 
approach  to  instrument  design  for  these  array-based  sensors 
is,  in  effect,  to  design  a  separate  T-format  system  for  each 
transducer.  The  basic  concepts  governing  the  design  of 
such  instruments  is  well  known.  Another  approach  is  to 
design  more  complex  optics  that  permit  a  single  instrument 
to  excite  and  detect  fluorescence  of  multiple  transducers 
and/or  analytes. 

The  complex  combinations  of  excitation  and  emission 
spectra  possible  for  these  arrays  has  prompted  us  to  inves¬ 
tigate  systematic  means  for  filter  selection  or  synthesis  in 
systems  combining  fluorescence  sensors  with  very  different 
spectroscopies.  It  is  often  possible  to  retain  the  simple  lay¬ 
out  of  a  filter-based  T-format  instrument  even  when  mul¬ 
tiple  excitation  and  emission  bandpasses  are  needed.  The 
purpose  of  the  present  report  is  to  illustrate  an  integrated 
method  for  designing  a  complete  system  of  optics  for  a 
sensor  array,  considering  the  details  of  light  sources  and  the 
spectroscopies  of  more  than  one  transducer  type.  In  the 
following  discussion,  we  consider  a  recent  sensor  package 
for  2, 4, 6- trinitrotoluene  (TNT)  vapor  detection  that  resulted 
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Fig.  1  Schematic  layout  of  the  filter-based  fluorimeter  described  in 
the  text-  F1-F5  are  optical  interference  filters.  The  sensor  is  an 
array-type  sensor  containing  two  different  optical  transducers,  Poly¬ 
mer  #58  (MIT)  and  Nile  Red-coated  microspheres  (Tufts).  The  cam¬ 
era  is  a  charge-coupled  device  (CCD)  Epoch,  Inc.(CA)  PixeF"  CCD 
camera  192x  165  pixels  with  off  chip  binning.  FI  and  F2  are  a  band¬ 
pass  and  a  beamsplitter,  respectively,  to  excite  Polymer  #58  with  a 
blue  light-emitting  diode  (BLED).  F3  and  F4  are  a  bandpass  and 
beamsplitter,  respectively,  to  excite  Nile  Red  with  a  green  LED 
(GLED).  F5  is  a  filter  to  select  the  emission  wavelengths  of  both 
fluorophores. 


from  a  collaboration  between  Tufts  University,  Lawrence 
Livermore  National  Laboratory,  and  the  University  of 
South  Carolina,  as  an  example  of  a  more  complicated  sen¬ 
sor  package.  A  schematic  diagram  of  the  sensor  optical 
train  is  shown  in  Fig.  1.  We  show  how  the  spectroscopy  of 
the  components  of  the  system  can  be  combined  to  form  an 
initial  target  for  the  spectra  of  the  necessary  filters,  how 
such  filters  can  be  designed  with  the  aid  of  a  computerized 
synthesis  program,  and  how  the  iteration  of  the  resulting 
initial  designs  can  be  refined.  After  this,  we  compare  the 
spectra  for  real  filters  made  in  our  laboratory  to  the  targets 
that  they  were  intended  to  approximate. 

2  Experimental 

Excitation  and  emission  spectra  for  the  Nile  Red  porous 
silica  microsensors  and  Polymer  #58  were  acquired  using  a 
single-core  optical  fiber  and  a  double-monochromator  fluo¬ 
rescence  system  as  described  previously. The  Nile  Red 
microbead  sensors  were  electrostatically  fixed  to  the  distal 
tip  of  a  150-jjm  single-core  optical  fiber  and  placed  onto 
the  double  monochromator  system.  For  Polymer  #58,  a 
1-mg/mL  stock  solution  in  toluene  was  used  to  dip  and 
spin-coat  the  polymer  onto  the  distal  tip  of  the  single-core 
optical  fiber  before  positioning  it  onto  the  system.  The  ex¬ 
citation  spectrum  for  each  sensor  type  was  recorded  at  the 
emission  maximum  and  vice  versa  for  the  emission  spec¬ 
trum.  A  photomultiplier  tube  (PMT)  detector  was  employed 
for  detection. 

Optical  filters  were  designed  using  TFCalc^^^  software 
(Software  Spectra,  Inc.)  based  on  target  excitation  and 
emission  profiles  for  sensory  materials  provided  by  MIT 
and  Tufts  (see  Fig.  2).  The  spectra  of  the  blue  and  green 
LED  excitation  sources  (Nichia,  Inc.)  used  in  the  instru¬ 
ment  are  shown  in  Fig.  3.  These  curves  were  obtained  from 


Fig.  2  58X  is  the  excitation  spectrum  of  Polymer  #58,  detected  at 
the  peak  emission  wavelength.  58M  is  the  emission  spectrum  of 
Polymer  #58,  excited  at  the  peak  excitation  wavelength.  NRX  is  the 
excitation  spectrum  of  Nile  Red  on  silica  beads,  detected  at  the 
emission  maximum.  NRM  is  the  emission  spectrum  of  Nile  Red  on 
silica  beads,  excited  at  the  excitation  maximum.  The  left-hand  inten¬ 
sity  axis  is  for  Nile  Red  curves,  while  the  right-hand  axis  is  for  Poly¬ 
mer  #58  curves. 


a  calibrated  fluorimeter  constructed  in-house  based  on  a 
double-monochromator  (SPEX,  Inc.).  The  values  of  param¬ 
eters  obtained  for  a  refined  filter  design  from  the  TFCalc™ 
software  form  the  basis  for  our  experiment.  Software  pro¬ 
vides  the  physical  thickness  as  well  as  the  optical  thickness 
of  each  layer  of  a  multilayer  system  of  a  filter  design. 

Reactive  magnetron  sputtering  (RMS)  is  used  in  our 
laboratory  to  construct  the  interference  filters.  RMS  is  a 
room-temperature  process  for  depositing  thin  films  of 
simple  compounds,  beginning  with  elemental  targets  ame¬ 
nable  to  sputtering.  Our  system  (Model  CVC  5.1)  was  cus¬ 
tom  manufactured  by  Corona  Vacuum  Coaters  of  Vancou¬ 
ver,  B.C.,  and  uses  a  40-kHz  mid-frequency  RF  supply  to 
power  four  water-cooled  planar  magnetrons  positioned  in 
pairs  around  a  rotating  drum  with  a  horizontal  axis.  The 
22-in.-diam,  20-in.-deep  chamber  of  our  system  contains 


Wavelength  (nm) 

Fig.  3  Emission  intensity  of  blue  (B)  and  green  (G)  light-emitting 
diode  sources  used  in  the  system  shown  in  Fig.  1.  Intensities  are 
scaled  to  be  relative  to  the  maximum  of  each  curve. 
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two  4X10  in.  magnetrons  with  niobium  (high  index)  tar¬ 
gets  and  two  with  silicon  (low  index)  targets. 

In  RMS,  argon  ions  are  ionized  and  entrained  in  a  mag¬ 
netic  field,  after  which  they  collide  with  the  surface  of  a 
target.  In  our  system,  the  targets  are  99.95%  purity  niobium 
and  99.9999%  purity  silicon.  If  the  chamber  atmosphere  is 
free  of  oxygen,  films  of  the  pure  materials  are  deposited. 
When  O2  is  added  to  the  gas  mixture,  the  deposited  film 
can  be  continuously  oxidized  as  it  forms.  RMS  is  a  rela¬ 
tively  slow  deposition  process,  but  it  yields  very  high  qual¬ 
ity  films  with  low  porosity  and  near-bulk  optical  constants 
that  are  nearly  invariant  with  increasing  deposition  time. 
The  surface  roughness  of  these  films  is  exceptionally  low, 
and  the  deposition  rate  is  extremely  stable  compared  to 
evaporative  sources.  Unlike  evaporative  sources,  the  rate  of 
deposition  is  almost  linearly  dependent  on  the  power  sup¬ 
plied  to  the  magnetrons. 

The  substrates  used  to  fabricate  our  filters  were  1-in.- 
diam  BK-7  glass  optical  flats  (Esco  Products,  Inc.).  These 
substrates  were  mounted  on  a  14-in.-diam  rotating  drum 
shaped  like  an  octagonal  prism.  The  substrate  size  is  veiy 
small  compared  to  the  area  of  the  magnetron  sources  and 
the  rotational  motion  of  the  substrate  drum  enables  the  pro¬ 
duction  of  very  uniform  thin  films. 

Deposition  rates  for  niobia  and  silica  via  RMS  are  given 
in  nanometers  per  kilowatt-toggle,  where  the  unit  “toggle” 
represents  a  single  sweep  of  the  substrate  through  the  depo¬ 
sition  zone.  The  deposition  rate  for  Nb205  (4.62  nm  per 
kW-toggle)  and  Si02  (10.45  nm  per  kWtoggle)  was  mea¬ 
sured  for  the  instrument  prior  to  manufacture  of  the 
multilayer  films,  providing  an  estimated  deposition  time  for 
each  layer  of  the  film.  Baseline  oxygen  and  argon  flows 
were  set  to  optimal  values  for  each  material.  In  the  case  of 
Nb205,  the  O2  flow  was  set  3.4  to  standard  cubic  centime¬ 
ters  per  minute  (SCCM)  and  the  argon  flow  was  set  to  2 
SCCM.  For  production  of  Si02,  the  O2  flow  was  set  to  3.5 
SCCM  and  Ar  flow  was  set  to  2  SCCM.  Initial  power  input 
for  the  targets  was  set  to  0.7  kW  for  both  targets.  The  total 
gas  pressure  in  the  system  was  approximately  7  millitorr 
during  sputtering. 

3  Results  and  Discussion 

3.1  Overview 

The  optical  sensing  system  described  in  Fig.  1  operates  by 
measuring  the  change  in  fluorescence  intensity  of  two  fluo¬ 
rescence  sensors.  The  first  of  these  transducers  is  a  disper¬ 
sion  of  Nile  Red  dye  on  porous  silica  microspheres.  The 
fluorescence  excitation  and  emission  spectra  shown  in  Fig. 

2  for  this  sensor  are  for  Nile  Red  dye  on  OH-terminated 
silica  surfaces.  The  second  transducer  is  a  fluorescent  poly¬ 
mer  (Polymer  #58)  prepared  by  the  group  of  T.  Swager  at 
MIT,  similar  to  materiis  previously  reported.  Both  of 
these  sensors  exhibit  fluorescence  quenching  or  enhance¬ 
ment  when  they  are  in  the  presence  of  vapors  to  which  they 
are  sensitive,  although  details  of  the  mechanisms  are  in¬ 
complete. 

Nile  Red  is  a  common  dye  for  which  T-format  systems 
have  long  been  developed.  Omega  Optical,  Inc,  (http:// 
www.omegafilters.com),  for  example,  offers  a  filter  set 
(XF35)  that  would  serve  to  effectively  measure  the  fluores- 
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cence  of  Nile  Red  alone.  Another  Omega  Optical  filter  set 
(XF18)  could  be  used  for  Polymer  #58  alone. 

How^ever,  from  the  standpoint  of  the  optical  system  de¬ 
sign  in  Fig.  1,  simultaneous  excitation  and  detection  of  the 
signals  from  these  two  sensors  are  somewhat  challenging. 
This  is  because  they  require  two  different  excitation  bands, 
two  different  emission  bands,  and  one  of  the  emission 
bands  is  interposed  between  the  two  excitation  bands. 

3.2  Initial  Design 

The  blue  light  source  in  Fig.  1  is  used  to  excite  the  Polymer 
#58  sensor,  while  the  green  source  is  used  to  excite  the  Nile 
Red  sensor.  The  initial  design  of  the  optical  filters  for  the 
instrument  described  in  Fig.  1  is  only  intended  to  list  the 
desired  bandpasses  and  bandblocks  for  each  filter.  For  ex¬ 
ample,  FI  in  Fig.  1  is  the  “blue  bandpass,”  and  is  intended 
to  select  the  useful  portion  of  the  emission  of  the  blue  light- 
emitting  diode  source,  while  blocking  any  wavelengths  that 
are  not  important  to  excitation  of  Polymer  #58.  In  wave¬ 
length  regions  where  the  blue  source  has  no  intensity,  the 
transmission  and  blocking  of  filter  FI  does  not  matter.  F2  is 
more  complicated  because  it  is  active  at  eveiy  wavelength: 
this  is  the  “blue  beamsplitter”  that  reflects  the  blue  exci¬ 
tation  toward  the  sensor  array,  while  allowing  all  other 
wavelengths  to  pass  through.  The  reflection  of  the  blue  ex¬ 
citation  should  be  very  high,  since  this  filter  is  the  first  line 
of  defense  to  prevent  blue  scattered  light  from  reaching  the 
detector  (“camera”  in  Fig.  1).  The  wavelengths  at  which 
the  sensors  emit  should  have  the  highest  possible  transmis¬ 
sion,  since  returning  luminescence  from  the  sensors  must 
pass  through  six  filter  interfaces  before  it  can  be  detected. 
The  wavelengths  at  which  the  green  light  source  emits 
should  also  be  represented  by  high  transmission  in  F2,  be¬ 
cause  any  loss  will  reduce  the  excitation  of  the  Nile  Red 
sensors. 

F4  as  shown  in  Fig.  1  is  the  “green  beamsplitter.”  It  is 
intended  to  pass  the  emission  bands  of  both  sensors  as  well 
as  possible  while  reflecting  the  green  excitation  wave¬ 
lengths  as  completely  as  possible.  This  last  requirement  is 
because,  like  F2  for  short  wavelengths,  F4  is  the  first  line  of 
defense  preventing  backscattered  green  excitation  light 
from  returning  to  the  detector.  F3  is  the  “green  bandpass,” 
and  selects  the  useful  part  of  the  illumination  from  the 
green  light-emitting  diode,  while  blocking  wavelengths  at 
which  the  two  sensors  emit  light. 

F5  is  the  most  complex  of  all  the  five  filters,  because  it  is 
the  final  defense  of  the  detector  from  backscattered  excita¬ 
tion  from  both  LED  sources,  and  must  simultaneously  ex¬ 
hibit  high  transparency  to  the  emission  from  both  sensor 
types. 

From  the  preceding  considerations,  it  is  apparent  that  a 
reasonable  first  guess  of  the  optimal  properties  of  our  filters 
is  as  shown  in  Fig.  4. 

3.3  Initial  Synthesis 

Synthesis,  in  the  context  of  this  report,  refers  to  the  theo¬ 
retical  design  of  a  multilayer  filter  with  a  given  spectrum. 
The  determination  of  the  spectral  characteristics  of  a  given 
multiplayer  layer  is  straightforward,  while  the  determina¬ 
tion  of  the  structure  of  a  multiplayer  filter  that  fits  a  specific 
spectrum  is  far  from  straightforw^ard.  Only  an  approxima- 
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Fig.  4  initial  targets  for  the  spectra  of  F1  to  F5.  Curves  are  offset  for 
clarity;  each  begins  at  zero  and  rises  to  a  maximum  of  100%  trans¬ 
mittance. 


tion  of  a  given  spectrum  is  generally  possible  within  the 
limits  of  what  can  be  achieved  with  current  multilayer 
deposition  technologies. 

We  can  make  a  few  general  points  about  the  relationship 
between  spectral  characteristics  and  film  structure  that  gov¬ 
erns  wheAer  a  given  spectrum  will  be  achievable.  One 
equation  that  describes  this  relationship  from  a  theoretical 
standpoint  was  provided  by  Sossi^®  and  Veriy  and 

Dobrowolski^^: 

ln(x)\  i  Q(cr) 

ln^-^j  =  -  J^^“^exp(-f2'n-orx)dor,  (1) 

where  cr=  l/\,  rtg  is  the  refractive  index  of  the  surrounding 
media,  \  is  the  wavelength,  n(x)  is  the  refractive  index 
profile  of  the  multilayer,  x  is  twice  the  optical  thickness: 

x=2  f  n(u)du,  (2) 

Jo 

z  is  the  physical  thickness,  and  Q(o’)  is  a  spectral  function 
that  is  empirically  related  to  the  transmittance  of  the 
multilayer  film  stack.  The  origin  for  x  and  z  is  in  the  center 
of  the  film.  From  a  fabrication  standpoint,  achieving  the 
continuous  variation  of  refractive  index  implied  by  Eq.  (1) 
is  difficult  to  achieve.  Also,  there  is  a  maximum  practical 
thickness  for  a  multiplayer  filter  beyond  which  the  films 
will  delaminate  from  the  substrate,  this  thickness  being 
somewhere  near  10  to  25  /im. 

The  relationship  in  Eq.  (1)  is  a  Fourier  transform  rela¬ 
tionship  between  the  transform  pair  ln[7z(x)//Zo]  and 

2(cr)/a.  This  equation  implies  that  sharp  variations  in  the 
transmission  spectrum  of  a  film  require  a  thick  multilayer. 
However,  as  Refs.  19  and  20  make  clear,  j^(a-)  is  a  func¬ 
tion  that  changes  rapidly  when  transmittance  is  small.  This 
means  that  a  sharp  feature  at  low  transmittance  requires  a 
thicker  film  than  the  same  feature  at  low  transmission.  The 
dependence  on  the  wavenumber  cr  in  Eq.  (1)  means  that  a 


Fig.  5  Initial  fits  to  the  target  spectra  for  F3,  F4,  and  F5  obtained  by 
filter  synthesis.  Curves  are  offset  for  clarity,  with  the  center  curve 
offset  by  100%  and  the  upper  curve  by  200%. 

sharp  feature  at  long  wavelengths  requires  a  thicker  film 
than  the  same  feature  at  a  shorter  wavelength.  As  a  general 
rule  of  thumb,  sharp  features  and  low  transmittances  are 
difficult  to  achieve,  and  a  combination  of  sharp  features  and 
low  transmittance  is  especially  difficult. 

From  the  standpoint  of  ease  of  manufacture,  our  initial 
spectral  targets  present  some  obvious  problems.  All  call  for 
“zero”  transmittance,  and  there  are  sharp  edges  at  zero 
transmittance  for  all.  To  find  spectra  and  structures  for  real 
filters  that  will  fit  our  purposes,  we  take  these  targets  and 
attempt  to  synthesize  best-fit  spectra  for  filters  with  reason¬ 
able  Sicknesses. 

A  requirement  of  low  transmittance  in  some  spectral  re¬ 
gions  places  constraints  on  the  maximum  transmittance  that 
we  can  expect  in  the  bandpasses  of  our  filter  set.  It  is  rela¬ 
tively  easy  to  achieve  high  compared  to  low  transmittances. 
Our  best  performance  is  likely  to  result  by  only  requiring 
low  transmittances  where  they  are  truly  necessary.  Thus, 
we  can  focus  our  efforts  primarily  on  the  problem  of  block¬ 
ing  the  backscattering  of  the  light  sources  to  the  detector. 
This  strategy  is  also  reasonable  from  the  standpoint  of  im¬ 
proving  the  signal-to-background  ratio  for  the  optical  sys¬ 
tem,  which  is  more  amenable  to  improvement  by  reducing 
the  background  toward  zero  than  by  increasing  the  signal 
level  toward  100%.  When  we  turn  our  attention  to  source- 
blocking  subsets  of  our  original  five-filter  problem  we  can 
identify  two  workable  subsets,  namely  the  F1-F2-F5  and 
the  F3-F4-F5  filter  subsets.  These  have  critical  low  trans¬ 
mission  specifications  in  the  blue  and  green  spectral  re¬ 
gions,  respectively.  For  simplicity,  we  restrict  our  further 
discussion  only  to  the  F3-F4-F5  set,  since  the  F1-F2-F5 
filter  set  is  treated  analogously. 

Using  TFCalc™,  a  commercially  available  thin-film  de¬ 
sign  program,  we  obtain  the  initii  spectral  set  shown  in 
Fig.  5  for  the  F3-F4-F5  filter  set.  Since  TFCalc™  requires  a 
tolerance  value  for  each  wavelength,  a  larger  tolerance, 
e.g.,  25%,  is  permitted  for  high-transmission  wavelengths 
than  for  low,  e.g.,  0%.  This  is  consistent  with  our  prior 
arguments  that  the  low  transmission  regions  will  be  simul¬ 
taneously  more  difficult  to  achieve  and  more  important  to 
improving  the  signal  to  background  ratio  of  the  optical  sys¬ 
tem. 


Optical  Engineering,  Vol.  40  No.  6,  June  2001  891 


87 


Karunamuni  et  ai.:  Interference  filter  refinement .  . . 


Since  our  best-fit  spectra  cannot  be  the  same  as  our  tar¬ 
gets  in  Fig.  4,  they  will  not  perform  as  well  as  the  targets: 
they  will  not  transmit  as  much  of  the  fluorescence  signal 
back  to  the  detector,  and,  more  importantly,  they  will  per¬ 
mit  some  light  from  the  excitation  sources  to  leak  back  to 
the  detector.  For  this  reason,  we  will  employ  an  iterative 
solving  procedure  to  refine  the  result  of  our  initial  “synthe¬ 
sis”  of  the  filters.  In  this  procedure,  we:  1.  isolate  the  re¬ 
gions  of  the  spectra  that  are  most  offensive:  2.  identify  the 
filter(s)  that  are  supposed  to  clean  up  this  spectral  region:  3. 
modify  one  or  more  of  the  filter  spectra  accordingly:  and  4. 
resynthesize  the  filter(s). 

3.4  Performance  Evaluation 

We  need  to  define  a  metric  to  determine  in  which  regions 
of  the  spectra  the  filters  are  performing  poorly.  Since  our 
arguments  regarding  the  quality  of  the  optical  system  re¬ 
volve  more  around  leakage  of  the  excitation  sources  into 
the  detector  than  on  total  signal  levels,  we  define  our  metric 
with  this  in  mind.  The  leakage  of  the  green  light  source  into 
the  detector,  for  example,  should  be  prevented  by  the  F3- 
F4-F5  combination  of  filters.  Because  proper  internal  baf¬ 
fling  should  prevent  off-axis  scattering  into  the  detector,  we 
neglect  scattering  produced  by  light  that  passes  through  F4, 
strikes  the  opposing  wall  of  the  optical  block,  and  then 
scatters  into  the  detector  past  F5.  Our  major  contributor  to 
background  from  the  excitation  sources  will  be  from  on- 
axis  light  from  the  source  that  passes  through  F3,  reflects 
from  F4,  backscatters  from  the  sensor,  passes  through  F4, 
and  then  passes  through  F5  to  reach  the  detector.  The  back- 
scatter  from  the  sensor  may  have  a  wavelength  dependence, 
but  this  is  unknown  and  omitted.  For  both  filter  sets,  the 
excitation  light  must  also  pass  through  the  beamsplitter  of 
the  other  set  before  reaching  the  camera.  The  beamsplitter 
of  the  other  set  is  not  designed  to  block  this  radiation,  and 
therefore  it  is  also  omitted  from  the  calculation  of  perfor¬ 
mance.  Our  performance  factor  is  derived  from  the  product 
of  the  spectrum  of  the  light  source,  G(X),  with  the  trans¬ 
mittance  of  the  optical  train  for  scattered  light.  This  latter 
factor  is  itself  a  product  of  other  terms,  so  our  performance 
factor  can  be  written  in  the  form: 

r(x)=(;(X)7’F3(x)«P4(x)7'F4(\)rF5(x),  (3) 

where  y  is  the  performance  factor  as  a  function  of  wave¬ 
length,  Tfn  is  the  transmittance  (on  a  scale  of  0  to  1)  of 
filter  F„,  and  Rp„  is  the  reflectance  of  the  filter.  Reflec¬ 
tance  and  transmittance  of  an  all-dielectric  filter  sum  almost 
exactly  to  unity,  and  therefore  we  can  calculate  y  for  our 
green  filter  subset  by  curve  yinidaj  Fig-  general  we 
could  also  include  detector  spectral  responsivity  in  this 
equation.  In  this  particular  case,  the  CCD  camera  spectral 
responsivity  varies  only  slightly  across  the  spectrum  of  the 
fluorophores,  so  we  have  not  included  it. 

3.5  Iteration 

The  initial  estimation  of  leakage  in  Fig.  6  shows  that  most 
of  the  leakage  for  this  filter  subset  would  come  from  the 
530  to  560-nm  region.  This  region  should  be  transmitted  by 
F3,  and  therefore  no  change  to  F3  is  required.  F4  and  F5 
are  both  supposed  to  be  high  reflectors  in  this  wavelength 
range,  and  we  iterate  the  filters  by  tightening  the  constraints 


Fig.  6  Performance  factor  plots  for  green  backscatter  in  the  optical 
system.  The  upper  curve,  labeled  %nitiai .  is  for  the  filters  in  Fig.  5. 
The  lower  curve  is  the  result  after  improving  F3  and  F4. 


on  F4  and  F5  in  this  wavelength  region  while  relaxing  them 
further  in  their  high-transmission  windows.  When  we  re¬ 
synthesize  the  filters,  the  leakage  calculated  from  Eq.  (3) 
using  the  revised  filters  becomes  the  curve  shown  as  72 
Fig.  6.  The  stmcture  of  one  of  these  filters,  F5,  is  shown  in 
Table  1. 

3.6  Construction 

Once  an  appropriate  set  of  filters  has  been  defined  and  their 
structures  loiown,  they  must  be  fabricated.  Using  manual 
control  of  the  deposition,  we  deposited  the  19-layer  struc- 


Tabie  1  Films  thicknesses  in  nanometers  for  filter  F5.  Layers  are 
numbered  from  the  substrate  outward.  Optical  thickness  is  calcu¬ 
lated  at  550  nm. 


Layer  no. 

Material 

Physical  thickness 

Optical  thickness 

1 

NbsOs 

191.74 

3.2302 

2 

SIO2 

85.87 

0.9087 

3 

NbsOs 

50.75 

0.8551 

4 

SIO2 

80.94 

0.8565 

5 

Nb205 

48.68 

0.8201 

6 

SIO2 

78.15 

0.827 

7 

Nb^Os 

108.99 

1.8361 

8 

SIO2 

79.06 

0.8366 

9 

Nb205 

50.89 

0.8574 

10 

SIO2 

86.69 

0.9173 

11 

NbsOs 

52.1 

0.8778 

12 

SIO2 

88.41 

0.9356 

13 

Nb205 

53.01 

0.8931 

14 

SIO2 

89.57 

0.9478 

15 

NbsOs 

205.4 

3.4603 

16 

SI02 

85.13 

0.9009 

17 

Nb205 

50.68 

0.8538 

18 

SIO2 

82.84 

0.8766 

19 

NbsOs 

51.13 

0.8614 
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Fig.  7  Theoretical  filter  spectrum  for  F5,  and  an  experimental  result 
for  a  typical  deposition  run. 


ture  described  in  Table  1  and  generated  a  filter  with  the 
spectrum  shown  in  Fig.  7.  Although  similar  to  one  another, 
the  theoretical  and  experimental  spectra  are  not  identical. 
This  is  because,  after  19  layers  of  deposition,  the  spectra 
are  sharper  in  the  wavelength  domain  than  the  resolution  of 


the  spectrometer  we  use  for  monitoring.  Improved  spectral 
fits  could  be  expected  from  monitoring  through  “witness 
samples”  that  are  changed  after  every  ten  layers  or  so. 
Even  with  this  level  of  precision  the  results  are  adequate  for 
our  system  design. 

3.7  Instrument  Performance 

The  Fig.  1  instrument  can  be  used  as  an  artificial  nose 
through  measurement  of  the  spatially  distributed  response 
of  the  fluorophores  to  analytes.  Operation  of  the  instrument 
is  accomplished  by  exciting  the  fluorophores  and  recording 
the  changes  in  intensity  of  their  fluorescence  as  a  function 
of  exposure  to  various  vapors.  The  Nile  Red  sensors,  for 
example,  respond  differently  depending  on  the  environment 
in  which  the  Nile  Red  dye  is  deposited.  Thus,  different 
substrates  for  the  Nile  Red  produce  different  relative  re¬ 
sponses.  Polymer  #58  has  its  own  relative  set  of  responses 
to  analytes.  Interpretation  of  the  data  produced  by  the  in¬ 
strument  is  based  on  pattern  recognition  and  measurement. 

The  performance  of  the  instrument  with  explosives  va¬ 
pors  is  the  subject  of  another  manuscript.^^  The  perfor¬ 
mance  with  different  fragrances  is  the  subject  of  yet  an¬ 
other  manuscript.^^  In  both  studies  we  were  able  to  show 
that  pattern  recognition  based  on  the  sensor  responses  could 
selectively  identify  and  even  quantify  (within  limits)  vapor- 


0.1  0.3 


Fig.  8  System  performance.  The  responses  of  a  sensor  set  to  five  samples  of  perfumes  from  the 
same  manufacturer.  The  large  number  of  samples  that  cluster  together  and  which  are  surrounded  by 
a  solid  line  are  measurements  of  air,  a  clean  cotton  pad,  and  the  nitrile  gloves  used  by  the  scientist 
performing  the  experiment.  The  clusters  of  three  points  with  dashed  circles  around  them  are  labeled  1 
through  5  for  the  fragrance  they  represent.  The  three  axes  are  the  magnitudes  of  three  major  spatial 
patterns  in  the  camera  images  of  the  sensor  set  following  exposure  to  the  fragrances.  Details  on  the 
fragrances,  sensors,  and  data  analysis  are  given  in  Ref.  22. 
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phase  analytes.  An  example  is  shown  in  Fig.  8,  taken  from 
Ref.  22.  In  this  figure,  the  responses  of  a  sensor  set  to 
samples  of  perfumes  are  recorded,  as  well  as  the  responses 
to  blank  samples  of  different  types.  The  axes  for  this  plot 
are  magnitudes  of  spatial  patterns  measured  in  the  system 
response  of  the  “artificial  nose”  array.  Reference  22  con¬ 
tains  more  complete  information  about  this  result. 

4  Conclusions 

A  systematic  procedure  can  be  followed  for  designing  thin- 
film  multilayer  interference  filters  for  complex  optical  sys¬ 
tems  such  as  those  that  may  be  required  by  arrays  of  fluo¬ 
rescence  sensors.  The  method  we  describe  here  is  a  very 
user-intensive  procedure,  involving  off-line  synthesis  of  fil¬ 
ters  after  evaluating  performance  based  on  an  empirical 
factor. 

It  is  likely,  however,  that  the  basis  for  this  technique  can 
be  incorporated  into  an  automated  process  that  works  alone 
or  in  concert  with  a  thin-film  design  program  such  as  TF- 
Calc"^*^.  The  matrix  mathematics  by  which  the  transmission 
spectra  of  multilayer  stacks  are  calculated  are  straightfor¬ 
ward,  so  an  automatic  synthesis  of  several  filters  that  work 
in  concert  in  a  set  is  reasonable,  within  limits.  Input  to  such 
a  system  could  consist  of  a  listing  of  the  required  zero- 
transmission  regions  for  each  filter,  plus  a  definition  akin  to 
Eq.  (3)  by  which  the  quality  of  the  stack  can  be  judged. 
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10  Abstract 
H 

12  A  single-element  approach  to  multivariate  optical  computing  is  described.  Data  for  mixtures  of  Crystal  Violet  and  Bismarck 

13  Brown  dyes  are  analyzed  as  an  example  application.  Radiometric  information  is  combined  with  transmission  spectra  of  the 

14  samples  to  obtain  representative  system  responses  for  the  samples.  Direct  synthesis  of  a  multivariate  optical  element  (MOE)  is 

15  compared  to  a  novel  new  approach  for  synthesizing  simpler  MOEs.  The  results  show  that  less  complex  spectral  vectors  can  be 

16  designed  that  perform  adequately  in  this  example.  Experimental  results  for  fabrication  of  an  MOE  are  shown.  ©  2002  Published 

17  by  Elsevier  Science  B.V. 

18 

19  Keywords:  Multivariate;  Chemometrics;  Optical  computing;  Thin  films;  Spectroscopy 


21  1.  Introduction 

22  Multivariate  spectroscopy  is  a  powerful  tool  for 

23  analytical  determinations  of  the  chemical  and  physical 

24  characteristics  of  a  wide  range  of  sample  types.  In  one 

25  common  approach  for  applying  multivariate  modeling 

26  to  chemical  problems,  a  spectral  pattern  that  correlates 

27  with  a  dependent  variable  is  found.  In  subsequent 

28  measurements  of  unknown  samples,  predictions  of 

29  the  dependent  variable  are  made  by  computing  the 

30  magnitude  of  this  spectral  pattern  in  the  optical  spec- 

31  trum  of  the  unknown. 

32  After  collecting  spectra  of  solutions  containing 

33  various  amounts  of  the  component  of  interest  and 
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interferent(s),  principal  component  analysis  (PCA)  34 
is  used  to  decompose  this  set  of  independent  variables  35 
into  a  set  of  principal  components  (PCs),  These  PCs  .  36 
are  linear  combinations  of  the  original  variables  and  37 
can  be  thought  of  as  a  new  set  of  orthogonal  axes  in  the  38 
space  defined  by  the  original  spectra  and  their  detector  39 
channels.  The  primary  axis,  PCI,  is  the  vector  which  40 
describes  the  greatest  variability  in  the  data,  while  41 
each  successive  PC  describes  smaller  variability.  Prin-  42 
cipal  component  regression  (PCR)  is  then  used  to  43 
relate  the  dependent  variable  (concentration  of  a  44 
component  of  interest)  to  the  independent  variables  45 
(the  coordinates  of  each  spectrum  on  the  PCs).  A  46 
regression  vector  is  determined  in  this  way  which  47 
correlates  with  the  dependent  variable.  A  calibration  48 
curve  can  then  be  created  by  taking  the  direct  product  49 
of  each  spectrum  and  the  regression  vector.  50 

A  recent  report  from  this  laboratory  [1,2]  describes  51 
an  all-optical  interference-filter-based  approach  to  the  52 
last  step  in  this  procedure,  the  magnitude  calculation  53 
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Fig.  1 .  Schematic  diagram  of  a  simple  single-element  system  for  the  prediction  of  chemical  properties  based  on  tho  transmission  spectroscopy 
of  samples  in  cuvettes.  In  this  design,  MOE  is  the  multivariate  optical  element,  the  bandpass  selection  fillers  are  simple  colored  glass  filters 
that  roughly  limit  the  spectral  window,  the  detectors  are  matched,  T and  R  stand  for  transmittance  and  reflectance  on  the  scale  of  zero  to  one, 
and  L  is  the  scaled  regression  vector  of  the  MOE. 


54  given  by  the  product  of  a  regression  vector  with  the 

55  spectrum  of  an  unknown  sample.  The  idea  of  using 

56  incoherent  linear  optical  signal  processing  (OSP)  for 

57  computation  of  an  analytical  parameter  in  a  sample 

58  mixture  was  described  as  early  as  1986  by  Bialkowski 

59  [3].  An  alternative  to  digital  signal  processing,  linear 

60  OSP  allows  for  the  calculation  of  the  product  of  two 

61  vectors  by  passing  light  with  an  intensity  representing 

62  one  vector  (here,  the  spectrum  of  the  unknown  sam- 

63  pie)  through  a  filter  with  a  transmittance  representing 

64  a  second  vector  (the  regression  vector).  Our  approach 

65  centers  around  the  production  of  one  or  more  optical 

66  interference  coatings  (MOEs)  whose  transmission 

67  Spectra  incorporate  features  of  the  spectral  regression 

68  vector.  The  MOE  consists  of  a  substrate,  such  as  glass, 

69  on  which  are  deposited  a  series  of  thin  film  layers  with 

70  differing  optical  properties.  The  thicknesses  of  the 

71  layers  are  designed  so  that  the  spectrum  of  the  MOE 

72  matches  a  predetermined  spectral  profile  that  incor- 

73  porates  features  of  the  regression  vector.  The  design  is 

74  such  that  there  is  a  linear  relationship  between  the 

75  component  of  interest  and  the  transmittance  through 

76  the  experimental  apparatus  containing  the  MOE. 

77  The  original  report  makes  use  of  a  two-filter  all- 

78  optical  design,  in  which  the  spectral  pattern  is  divided 

79  into  positive  and  negative  “lobes”,  each  of  which  is 

80  transferred  to  a  separate  filter  design.  This  approach, 

81  although  workable  in  some  cases,  suffers  from  a 

82  fundamental  problem.  When  multiple  reflections  are 

83  neglected,  the  Fourier  spectrum  of  a  target  spectrum  is 

84  directly  related  to  the  refractive  index  profile  of  a 


coating  designed  to  match  that  target  [4].  The  process  85 
of  separating  the  positive  and  negative  portions  of  a  86 
regression  vector  from  which  luo  filters  are  designed  87 
introduces  an  unavoidable  discontinuity  in  the  target  88 
transmission  profile  at  the  points  wliere  the  regression  89 
vector  crosses  zero.  The  result  is  two  filters  that  each  90 


contain  discontinuities  in  the  slofvs  of  their  transmit-  91 
tance  spectra  at  the  points  sphere  the  transmittance  92 
reaches  zero.  These  discontinuities  introduce  very  93 
high  Fourier  frequencies  in  the  tiller  spectrum,  neces-  94 
sitating  thick  filters.  95 


The  present  work  descril>es  a  design  alternative  that  96 
resolves  some  of  these  problen.^  I  he  concept  behind  97 
this  approach  is  shown  in  lug  1  In  itie  neu  concept,  a  98 
target  spectrum  is  generated  miv  h.  that  a  single  filter,  99 
operating  as  a  beamsplitter,  c.ui  tuiu  :ion  eflectively  in  100 
the  same  role  as  two  filietN  ir  the  original  report.  101 
Further,  the  single-filter  design  ieL;\es  some  of  the  102 


constraints  present  in  the  two  lilie:  design  103 

2.  Experimental  104 

A  Hewlett-Packard  U\  -\1S  diovle  arms  .spectro-  105 
photometer  Model  8543  vas  usevi  n-  ^olle.i  transmis-  106 


sion  and  absorption  data  on  hiiair.  d\e  rmxiures  for  107 

this  study.  A  compact  proiot\pe  held  instrument  108 

(Fig.  1)  was  designed  and  constructed  li»r  this  project  109 
to  show  proof  of  concept  using  Linos  l^hotonics  llO 

(Milford,  MA)  optical  components  The  diaracteris-  111 

tics  of  bandpass  filters,  lamps  and  detectors  in  the  112 


94 


ARTICLE  IN  PRESS 


M.L.  My  rick  et  ai  /  Vibrational  Spectroscopy  857  {2002)  }~9 


113  prototype  instrument  were  used  to  convert  transmit- 

114  tance  spectra  of  calibration  samples  into  detector 

1 1 5  spectral  responses. 

116  A  6  V/6  W  tungsten  filament  lamp  with  1  mm  x  1 .2 

1 17  mm  active  filament  area  was  used  as  a  light  source  in 

118  the  Fig.  1  instrument.  The  spectral  radiance  of  the 

119  lamp  was  measured  in  watts  per  (steradian  x  cm^  x 

120  nm)  with  a  CCD  spectrometer  system  (consisting  of  a 

121  Chromex  250IS  spectrometer  with  300  gr/mm  grating 

122  and  a  Princeton  Instruments  1100  x  300  pixel  CCD 

123  camera,  model  TE/CCD-llOO-PE).  The  input  optics 

124  on  the  spectrometer  system  were  duplicates  of  the 

125  Fig.  1  system.  For  these  measurements,  the  operating 

126  voltage  for  the  lamp  was  fixed  at  5.76  V.  The  wave- 

127  length  range  of  the  CCD  camera/spectrometer  system 

128  was  calibrated  with  a  standard  mercury  penray  lamp 

129  and  a  standard  neon  lamp.  The  spectral  radiance  of  the 

130  lamp  under  these  conditions  was  calibrated  against  a 

131  OL  series  455  integrating  sphere  calibration  standard 

132  lamp  (Optronic  Laboratories,  Inc.)  operated  under 

133  standard  conditions. 

134  The  two  Si  photodiode  active  detectors  were  type 

135  BPW21  with  a  sensitive  area  of  2.7  mm  x  2.7  mm, 

136  spectral  range  320-820  nm  and  radiant  sensitivity  at 

137  the  peak  wavelength  (550  nm)  of  3.8  V/mW.  The 

138  relative  signal  intensity  (detector  response)  versus 

139  wavelength  was  estimated  from  a  Linos  Photonics 

140  data  sheet  with  values  measured  at  25  °C  and  12  V  dc 

141  supply  voltage. 

142  The  filter  band  pass  set,  used  to  isolate  the  spectral 

143  region  between  400  and  650  nm,  consisted  of  two 

144  3  mm  thick  Schott  glass  filters  (Duryea,  PA)  BG-39 

145  and  GG400. 

146  The  binary  dye  mixtures  used  for  initial  testing  of 

147  our  MOC  filter  design  were  prepared  from  two  water- 

148  soluble  dyes  obtained  from  Aldrich,  Bismarck  Brown 

149  Y  (BB)  (maximum  457  nm,  dye  content  50%)  and 

150  Crystal  Violet  (CV)  (maximum  590  nm,  ACS  reagent 

151  dye  content  95%).  Stock  solutions  in  distilled  water  of 

152  BB  at  6.72E—5  M  and  CV  at  1.64E—5  M  were  pre- 

153  pared.  Then  random  numbers  were  generated  and 

154  applied  to  the  concentrations  of  the  dyes  with  dilution 

155  to  determine  that  the  relative  concentrations  of  the  two 

156  dyes  were  varied  independently.  In  the  dilution  pro- 

157  cess  transmission  values  were  kept  between  10  and 

158  90%  in  the  mixtures.  In  this  manner  40  binary  dye 

159  solutions  were  prepared  and  their  transmittance  spec- 

160  tra  were  measured.  After  the  samples  were  made  and 


3 

measured,  PC  A  was  performed  to  show  that  the  data  161 
were  linear  with  respect  to  component  concentration.  162 
Twenty-five  of  these  spectra  were  used  to  generate  a  163 
regression  vector  and  15  were  kept  as  a  test  set.  164 

TFCalc™,  a  commercial  software  product  from  165 
Software  Spectra,  Inc,  (Portland,  OR)  was  used  to  166 
synthesize  multilayer  thin  film  designs  to  match  a  167 
spectral  target.  An  in-house  thin-film  design  program  168 
written  in  the  MATLAB  programming  environment  169 
was  used  to  design  “relaxed”  multilayer  structures  for  170 
chemical  prediction.  171 

3.  Results  and  discussion  172 

Fig.  1  shows  the  experimental  set-up  for  imple-  173 
menting  the  single-filter  design  in  a  simple  transmis-  174 
sion  measurement.  In  this  system,  a  spatial  filter  and  175 
collimating  lens  is  used  to  restrict  the  angular  disper-  176 
sion  of  light  reaching  a  single  filter.  A  single  optical  177 
element  is  used  in  a  beamsplitter  arrangement,  with  178 
part  of  the  light  passing  through  the  sample  being  179 
reflected  and  part  being  transmitted.  A  similar  con-  180 
figuration  was  reported  by  Ryabenko  [5].  The  spec-  181 
trum  of  the  45°  optical  element  is  designed  to  be  182 
precisely  T(2)  —  0.5  ±  L(2),  where  T  is  the  filter  183 
transmittance  and  L  is  proportional  to  the  loading  184 
of  a  spectral  vector  obtained  via  principal  components  185 
regression  of  a  chemical  system,  or  some  related  186 
mathematical  procedure.  In  the  event  that  the  absor-  187 
bance  of  the  optical  element  can  be  neglected  (a  188 
reasonable  assumption  for  most  oxide  materials  in  189 
the  visible  and  short- wavelength  near-infrared),  the  190 
reflectance  is  adequately  represented  by  R{X)  =  191 

0.5  ±L(yl).  The  difference  between  these  values  is  192 
proportional  to  the  spectral  regression  vector,  while  193 
the  sum  of  the  two  is  independent  of  the  spectral  194 
vector.  In  the  original  report  [2],  normalization  of  the  195 
signal  was  not  possible  exactly.  The  independence  of  196 
{T{X)  -f-  R{X))  with  respect  to  an  arbitrary  spectral  197 
vector  allows  true  signal  normalization  to  be  per-  198 
formed.  199 

3.L  Radiometric  corrections  200 

The  optical  computation  of  chemometric  predic-  201 
tions  is  inherently  radiometric  in  nature  rather  than  202 
ratiometric.  Absorbance  is  non-linearly  related  to  the  203 
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204  intensity  of  light  passing  through  a  sample  and  is 

205  difficult  to  represent  exactly.  Sample  transmittance 

206  is  directly  related  to  radiometric  quantities  in  our 

207  measurement  scheme.  Unfortunately,  while  Beer’s 

208  law  relates  absorbance  linearly  to  concentration,  sam- 

209  pie  transmittance  is  not  as  simply  related.  In  conse- 

210  quence,  the  number  of  principal  components  required 

211  to  describe  a  radiometric  data  set  is  greater  than  the 

212  number  of  independent  species  [6]. 

213  Fig.  2  shows  the  absorption  spectra  for  two  dyes, 

214  Bismarck  Brown  and  Crystal  Violet,  in  the  region 

215  between  400  and  600  nm.  Fig.  3  shows  transmission 

216  spectra  for  a  series  of  40  mixtures  of  these  dyes, 

217  mixtures  in  which  the  concentrations  of  the  two  dyes 

218  are  varied  independently  of  one  another  based  upon  a 

219  random  number  generation.  Bismarck  Brown  was 

220  arbitrarily  selected  as  the  analyte,  while  Crystal  Violet 

221  was  treated  as  a  random  interferent.  These  40  mixtures 

222  provide  a  starting  point  for  development  of  a  suitable 

223  regression  vector  for  Bismarck  Brown  that  could  be 

224  incorporated  into  a  single-element  multivariate  optical 

225  element  (MOE). 

226  Before  calculation  of  a  regression  vector,  the  trans- 

227  mission  spectra  are  converted  into  system  units  by 

228  measuring  the  spectral  radiance  of  the  light  source  to 

229  be  used  for  illumination  of  the  sample,  the  transmit- 

230  tance  of  a  spectral  bandpass  filter  set,  and  the  spectral 


Wavelength  (nm) 


Fig.  2.  Absorption  spectra  for  solutions  of  two  pure  dyes  Bismarck 
Brown  and  Crystal  Violet,  used  in  this  report. 

sensitivity  of  the  detector  selected  for  the  measure-  231 
ment.  The  product  of  these  factors  with  the  sample  232 
transmittance  spectra  gives  the  system-corrected  spec-  233 
tra  shown  in  Fig.  4.  234 

3.2.  A  direct  principal  components  regression  235 

approach  236 

Principal  component  regression  was  used  to  derive  237 
a  linear  relationship  between  the  concentration  of  238 


400  420  440  460  480  500  520  540  560  580  600  620  640 


Wavelength  (nm) 

Fig.  3.  Transmission  spectra  for  40  mixtures  of  Bismarck  Brown  and  Crystal  Violet  using  random  concentrations  of  both  dyes.  The  maximum 
concentration  of  each  was  limited  so  that  absorbances  of  the  two  dyes  individually  would  not  be  more  than  0.3. 
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400  420  440  460  480  500  520  540  560  580  600  620  640 
(b)  Wavelength  (nm) 


Fig.  4.  Sample  spectra  used  for  analysis  and  target  spectra  derived  from  them:  (a)  sample  spectra.  These  data  are  based  on  the  transmission 
spectra  in  Fig.  3,  corrected  for  the  instrument  response  function,  talcing  into  account  the  spectral  radiance  of  the  tungsten  light  source,  the 
spectral  sensitivity  of  the  silicon  detectors,  and  the  transmission  spectra  of  the  bandpass  filter  set  described  in  the  experimental  section,  (b) 
Regression  vector  for  the  calibration  shown  in  part  a.  The  vector  has  been  scaled  to  unit  length,  (c)  Target  transmission  spectrum  for  a  single¬ 
element,  45°  angle- of-incidence  MOE  coating  based  on  the  regression  vector  in  (b). 
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Fig.  5.  Calibration  based  on  Fig.  4  data.  Filled  Circles,  Calibration  set;  Open  Triangles,  Validation  set.  SEP  =  0.3  pM  for  the  validation  set. 


239  Bismarck  Brown  and  the  coordinates  of  the  sample 

240  spectra  on  each  of  four  principal  component  axes.  The 

241  results  of  this  four-factor  PCR  of  the  data  in  Fig.  4  is 

242  shown  in  Fig.  5.  In  this  figure,  triangles  represent 

243  validation  samples,  while  black  dots  represent  cali- 

244  bration  samples.  The  standard  error  of  prediction 

245  (SEP)  for  this  calibration  is  0.3  pM.  The  regression 

246  vector  that  produces  this  calibration  is  shown  in  Fig.  6, 

247  normalized  to  unit  length.  This  vector  can  be  used  to 


design  a  MOE  by  appropriate  scaling  as  in  Fig.  7,  248 

which  shows  a  target  transmission  spectrum  for  an  249 
MOE  based  on  the  Fig.  6  vector.  As  this  figure  shows,  250 
all  the  points  at  which  the  vector  has  a  magnitude  of  25 1 
zero  correspond  to  transmittances  of  50%.  The  scaling  252 
of  the  vector  into  the  MOE  is  somewhat  arbitrary,  253 
limited  only  by  a  need  to  end  with  realistic  transmit-  254 
tance  values.  For  example,  too  large  a  scaling  factor  255 
from  Fig.  6  to  Fig.  7  would  result  in  target  transmit-  256 


Wavelength  (nm) 

Fig.  6.  Spectral  tolerances  for  the  design  and  fabrication  of  an  MOE  for  this  data  set  and  calibration.  Values  are  inversely  proportional  to  the 
spectral  variances,  and  directly  proportional  to  the  SEP. 
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1 


Wavelength  (nm) 

Fig.  7.  Direct  synthesis  solution  using  the  tolerances  in  Fig.  8  and  the  target  spectrum  in  Fig.  7. 


257  tances  above  100%  or  below  0%.  The  practical  limits 

258  are  about  96  and  0%,  since  each  MOE  has  two 

259  interfaces  (one  with  the  MOE  coating  and  one  with- 

260  out),  and  the  uncoated  interface  will  reduce  the  total 

261  transmitted  light  intensity, 

262  As  a  general  rule,  it  is  impossible  to  exactly  repro- 

263  duce  the  target  spectrum.  How  closely  the  design 

264  much  match  the  target  is  determined  by  the  SEP  of 

265  the  calibration.  A  small  SEP  corresponds  to  very  small 

266  tolerance  for  deviations  from  the  target.  Large  SEPs 

267  correspond  to  larger  tolerances.  Fig.  8  shows  the 

268  tolerance  distribution  for  this  data  set  and  calibration. 


Derivation  of  the  quantitative  relationship  between  269 
SEP,  spectral  variance  and  tolerance  is  described  else-  270 
where  [7].  The  general  trend  is  that  tolerances  are  27 1 
inversely  related  to  spectral  variance  in  the  data  set,  272 
increasing  to  large  values  at  the  edges  of  the  spectral  273 
bandpass  where  intensity  (and  therefore  variance)  274 
decreases  toward  zero.  The  tolerance  calculation  pro-  275 
vides  a  means  of  defining  the  “effective  bandpass”.  276 
The  effective  bandpass  can  be  defined  as  the  wave-  ill 
length  window  within  which  manipulation  of  the  light  278 
intensities  can  introduce  relative  error  equal  to  or  279 
greater  than  the^  standard  error  of  prediction  for  our  280 


Fig.  8.  Refractive  index  profile  of  the  MOE  design  in  Fig.  7. 
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400  420  440  460  480  500  520  540  560  580  600  620  640 


Wavelength  (nm) 

Fig.  9.  (a)  MOE  spectrum  at  45®  angle-of-incidence  based  on 
vector  relaxation  from  a  partial  direct  solution  as  described  in  the 
text.  This  solution  can  be  construed  as  the  best  solution  at  this  level 
of  complexity  in  the  MOE.  (b)  MOE  in  (a)  at  normal  incidence. 
Dashed  line,  theoretical;  Solid  line,  experimental. 


281  data  model.  Conversely,  outside  the  effective  band- 

282  pass,  the  variability  of  the  signal  from  sample  to 

283  sample  is  too  small  to  matter  within  the  range  of 

284  the  SEP.  In  our  example  the  effective  bandpass  for 

285  the  Fig.  4  data  is  between  423  and  624  nm,  since  in  the 

286  regions  400-423  and  624-650  there  is  negligible 

287  variability  among  sample  spectra  in  relation  to  the 

288  concentration  of  Bismarck  Brown. 

289  Using  these  tolerances,  a  suitable  design  for  a  MOE 

290  can  be  developed  as  shown  in  Fig.  9a,  which  gives  the 

291  spectrum  at  45°  angle-of-incidence  of  the  resulting 

292  MOE  structure.  The  structure  of  this  MOE  is  shown  in 

293  Fig.  10  as  a  plot  of  refractive  index  versus  physical 

294  thickness,  assuming  layer  materials  of  Si02  and 

295  Nb205  with  refractive  indices  determined  by  ellipso- 

296  metry  in  our  laboratory.  This  design  required  approxi- 

297  mately  24  h  of  computer  iteration  using  the 

298  commercial  software  TFCalc™.  Qualitatively,  a  close 


solution  to  the  target  was  obtained  quickly,  with  299 
approximately  >90%  of  the  iterations  used  to  gain  300 
the  last  few  percentage  points  of  spectral  fit  to  the  301 
target.  Further,  the  solution  shown  in  Fig.  10  includes  302 
46  layers  of  material  with  a  thickness  near  4  pm.  In  303 
our  deposition  system,  this  would  require  about  two  304 
full  days  of  deposition  to  achieve.  305 

3.3.  A  second  approach  to  MOE  design:  vector  306 

relaxation  307 

Because  of  the  complexity  of  the  direct  spectral  308 
matching  result  given  above,  a  new  software  approach  309 
to  designing  MOEs  was  developed.  In  this  approach,  310 
commercial  thin-fiim  design  programs  like  TFCalc™  311 
are  used  to  give  a  very  approximate  solution  in  a  short  312 
time,  using  a  relatively  small  number  of  layers.  This  313 
result  is  then  used  as  a  starting  point  for  an  in-house  314 
algorithm  that  iterates  this  structure  to  find  a  result  that  315 
can  be  characterized  as  “the  best  solution  at  this  level  316 
of  complexity”.  The  in-house  algorithm  is  described  317 
separately  [8],  but  uses  the  original  data  (Fig.  4)  to  318 
optimize  the  structure  of  the  MOE  coating  in  a  way  319 
that  minimizes  the  SEP.  Fig.  9a  shows  the  “vector  320 
relaxed”  result  for  comparison  to  Fig.  7.  Although  the  321 
“relaxed”  result  is  very  different  from  the  target  based  322 
on  the  regression  analysis  that  is  given  in  Fig.  5,  Fig.  10  323 

shows  that  the  SEP  produced  by  this  vector  is  equally  324 
good,  0.3  pM.  This  relaxed  design  has  the  benefit  of  325 
requiring  only  26  layers  versus  46  in  the  direct  design,  326 
having  a  total  thickness  near  2  pm  versus  4  pm  for  the  327 
direct  design,  and  requiring  significantly  less  compu-  328 
tation  time.  329 

3.4.  MOE  production  330 

The  MOEs  designed  in  this  report  are  all  specified  331 
to  work  at  45°  angle-of-incidence.  Our  coating  sys-  332 
tern,  however,  operates  best  when  coating  substrates  at  333 
normal  incidence.  For  production  purposes,  we  took  334 
the  second  (smaller,  relaxed)  structure  for  the  Fig.  9a  335 
MOE  and  recalculated  its  optical  spectrum  at  normal  336 
incidence.  A  multilayer  coating  was  fabricated  to  this  337 
target,  and  both  the  target  and  experimental  result  are  338 
shown  in  Fig.  9b.  339 

Results  from  testing  of  this  MOE  have  been  340 
reported  elsewhere  [9].  Implementation  of  this  type  341 

of  all-optical  approach  to  multivariate  spectroscopy  342 
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Fig.  10.  Concentration  of  Bismarck  Brown  predicted  with  the  MOE  of  Fig.  9  as  a  function  of  actual  Bismarck  Brown  concentration 
SEP  0.3  pM. 


343  has  many  advantages  over  conventional  computa- 

344  tional  methods,  including  ease  of  use  and  higher  SI 

345  N  ratios.  Use  of  this  approach  allo'ws  the  user  to 

346  determine  the  concentration  of  a  component  of  inter- 

347  est  without  the  use  of  conventional  digital  signal 

348  processing  or  acquisition  of  a  spectrum.  In  addition, 

349  the  need  for  only  one  optical  element  instead  of  two 

350  provides  for  less  difficult  and  time  consuming  fabri- 

351  cation  of  the  MOE  as  well  as  a  simpler  apparatus 

352  configuration. 
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ABSTRACT 

A  new  algorithm  for  the  design  of  optical  computing  filters  for  chemical  analysis  otherwise 
known  as  Multivariate  Optical  Elements  (MOEs),  is  described.  The  approach  is  based  on  the 
nonlinear  optimization  of  the  MOE  layer  thicknesses  to  minimize  the  standard  error  in  sample 
prediction  for  the  chemical  species  of  interest  using  a  modified  version  of  the  Gauss-Newton 
nonlinear  optimization  algorithm.  The  design  algorithm  can  either  be  initialized  b\-  random  layer 
thicknesses  or  with  layer  thicknesses  that  approximate  a  multivariate  principal  component 
regression  (PCR)  vector  for  the  constituent  of  interest.  The  algorithm  has  been  successfully 
tested  by  using  it  to  design  various  MOEs  for  the  determination  of  Bismarck  Brown  dye  in  a 
binary  mixture  of  Crystal  Violet  and  Bismarck  Brown. 

Keywords:  optical  computing,  thin  films,  chemometrics,  spectroscopy,  multi\  anate 

1.  INTRODUCTION 

Multivariate  calibration  is  a  well-established  tool  in  chemometrics  for  the  correlation  of  a 
physical  or  chemical  property  of  interest  to  multiple  wavelength  channels  of  ofUical  spectra.  (1- 
3)  The  conventional  application  of  this  tool  in  chemical  analysis  entails  the  acquisiuor;  ot  optical 
spectra  in  the  appropriate  wavelength  region  (typically  from  the  ultraviolet  to  the  inid-infrared). 
Next,  chemometric  tools  such  as  principal  component  regression  (PCR)  and  parti.i!  lea>t-squares 
(PLS)  are  used  to  estimate  multivariate  regression  vectors  correlated  to  the  propert\  of  interest 
but  orthogonal  to  interferences  (4).  Prediction  of  the  property  in  an  unknou  ii  sample  is  tamed 
out  by  taking  the  inner  product  of  the  spectral  pattern  in  the  regression  vector  w  ith  the  i>ptical 
spectrum  of  the  unknown  compound.  A  major  drawback  in  the  widespread  use  of  inulti\ariate 
calibration,  especially  for  field  applications,  is  its  dependence  on  expensive  and  bulky 
laboratory-type  equipment  for  data  acquisition  and  analysis. 

In  Multivariate  Optical  Computing  (MOC),  spectral  patterns  are  encoded  into  the  transmission 
spectrum  of  optical  interference  filters  for  the  purpose  of  chemical  prediction.  I-.arher  reports  by 
Myrick  et  al.  (5,6),  have  shown  that  the  prediction  step  in  multivariate  calibration  can  be 
optically  mimicked  by  passing  light  of  a  fixed  bandwidth  which  has  interacted  w  ith  the  sample 
through  two  optical  filters  whose  combined  transmission  profiles  accurately  describes  the 
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positive  and  negative  portions  of  the  spectral  patterns  in  a  multivariate  regression  vector.  A 
more  recent  study  (7)  has  described  a  new  approach  to  this  method  of  optical  computation  that 
uses  a  single  filter  for  prediction. 

A  typical  interference  filter  consists  of  alternating  layers  of  high-  and  low-refractive  index 
materials  with  specified  thicknesses.  Interference  coatings  with  irregular  transmittance  profiles 
are  fabrication  through  the  process  of  reactive  magnetron  sputtering  (RMS)  (8).  As  was 
originally  envisaged,  the  profile  of  a  pre-determined  spectral  pattern  is  transferred  to  the  optical 
coating  by  a  process  of  iterative  synthesis  (9).  The  original  filter  design  technique  synthesized  a 
multilayer  coating  that  minimized  the  sum  of  squared  difference  between  the  desired  spectral 
pattern  (e.g.,  a  multivariate  regression  vector)  and  the  filter’s  computed  spectral  pattern.  A 
generic  form  of  the  merit  function  is  shown  in  equation  1,  where  Zf  is  the  calculated  response 
(e.g.  filter  transmittance)  at  wavelength  j,  2j  is  the  target  value,  Tb/j  is  the  design  tolerance,  m  is 
the  number  of  discretely  sampled  wavelengths,  and  k  is  a  gain  factor  used  to  change  the  relative 
importance  of  the  mismatched  regions  (with  integer  values  of  1,2,4  or  16). 


1  ^ 

-I 

m  , 


izf-z,- 


7=1 


(1) 


This  approach  has  been  used  by  Heavens  and  Liddell  (10)  to  create  a  filter  design  algorithm  that 
minimizes  the  following  function. 


m 

F(x)=  '£{Roak)-R(^M)) 


2 


k=l 


(2) 


where  x  is  the  vector  of  design  variables,  Ro  is  the  specified  reflectance  at  wavelength  Zk,  and  R 
is  the  computed  value  of  reflectance  at  Zk  for  particular  values  of  x.  For  multivariate  calibration 
problems,  this  approach  causes  problems,  however,  because  complex  spectral  patterns  encoded 
in  regression  vectors  necessitate  filters  of  high  complexity  with  many  layers.  Multilayer  filters 
having  an  excessive  thickness  tend  to  have  rough  surfaces  that  scatter  incident  radiation,  absorb 
significant  amounts  of  incident  light,  and  break  easily  due  to  increased  internal  stress. 

As  a  way  of  overcoming  this  limitation  in  filter  design,  we  present  the  description  of  two 
alternative  design  algorithms  that  can  result  in  filters  having  substantially  fewer  layers.  This 
avoids  the  problems  described  above,  while  in  many  cases,  offers  better  predictive  performance 
than  filters  designed  to  match  PCR  or  PLS  regression  vectors.  Both  new  methods  employ  a 
nonlinear  least  squares  optimization  technique  to  design  an  optical  coating  that  minimizes  the 
sample  prediction  error  for  the  chemical  species  of  interest.  In  other  words,  instead  of  creating 
an  optical  coating  whose  spectrum  matches  a  predetermined  regression  vector,  a  coating  is 
created  whose  spectral  profile  strives  to  minimize  the  value  of  the  root  mean  standard  error  of 
calibration,  RMSEC. 
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2.  DESCRIPTION  OF  FILTER  DESIGN  ALGORITHM 


2.1.  Calculation  of  filter  transmittance 

A  fast  and  efficient  method  for  calculating  filter  transmittance  is  crucial  to  developing  an 
algorithm  for  designing  optical  filters.  The  matrix  method  for  calculating  the  transmittance  and 
reflectance  of  multilayer  optical  thin  films  meets  these  criteria  (11),  and  was  incorporated  into 
the  design  algorithm.  This  method  is  easily  implemented  on  a  digital  computer  and  has  become 
the  mainstay  of  most  filter  design  algorithms.  In  this  method,  each  layer  of  a  thin  film  stack  is 
represented  by  a  2x2  characteristic  matrix  (Equation.3),  which  describes  the  layer  properties  at 
particular  wavelengths  of  incident  light  and  at  specified  angles  of  incidence.  These  properties 
include  layer  thickness,  refractive  index  and  the  absorption  coefficient. 


Y,  : 


Y2,+iY2, 


^,2  +  cos  d  Hr]  sin  d 

^2,2  277  sin <5  cos 5 


(3) 


Y/  is  the  characteristic  matrix  for  the  layer,  rj  is  the  complex  refractive  index  (=  nr^ikj),  where 
ni  is  the  real  refractive  index  and  ki  is  the  absorption  coefficient.  The  phase  factor,  5,  is  given  by 
equation  4, 


5= 


iTDlik^X 

X 


COS0, 


(4) 


where  X  is  the  wavelength,  x  is  the  layer  thickness,  and  9i  is  the  interior  angle  of  propagation  in 
medium  /.  For  normally  incident  light,  cos  6/  =1.  However,  for  tilted  filters  in  which  the  incident 
angle  is  oblique. 


COS0,  = 


(5) 


where  «o  is  the  refractive  index  of  the  incident  medium  (air),  and  6o  is  the  angle  of  incidence  in 
radians.  The  characteristic  matrix  of  the  entire  film  stack  (M)  is  determined  by  multiplying  the 
matrices  of  individually  layers,  i.e.; 

M  =  ^layerl  ^  ^layer2  x  •  ■  •  x  ^layerl  (6) 

Layer  1  is  the  layer  that  is  closest  to  the  substrate.  Light  transmitted  through  the  film  layers 

consists  of  an  electric  vector  component,  E .  and  a  magnetic  vector  component,  H  •  The 
characteristic  matrix  relates  the  electric  and  magnetic  fields  at  individual  layer  boundaries  in  the 
following  manner: 
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(7) 


e' 

=  Mx 

1 

-t-  ik^ 

H 

where  «s  and  ks  are  the  refractive  index  and  absorption  coefficient  of  the  substrate  respectively. 
The  propagation  of  light  through  a  single  thin  film  coating  is  illustrated  in  Figure  1 .  As  is  shown 
in  the  diagram,  there  are  multiple  reflections  of  the  incident  light  at  the  air/film  and  substrate/air 
interfaces.  The  transmittance  and  reflectance  at  the  air/film  interface,  is  given  by  equations  8  and 
9. 


T,= 


4n^n 

(«+«.)■ 


(8) 


R,=l-f, 


(9) 


For  normally  incident  light,  «=no=l,  where  n  is  the  refractive  index;  however,  w  hen  the  filter  is 
tilted,  the  propagated  wave  is  split  into  two  plane-polarized  components,  one  with  the  electric 
vector  in  the  plane  of  incidence,  knowm  as  p-polarized,  and  one  with  the  electric  \  ector  normal  to 
the  plane  of  incidence,  known  as  s-polarized.  The  refractive  index  of  the  incident  light  is 
therefore  modified  as  follows: 

n  =  — (p-polarization)  (10) 

cos0„ 

n  =  n^  cosO^  (s-polarization)  (11) 


Tj  and  are  related  to  the  real  and  imaginary  components  of  E  and  H  tie..  1  ,  1  ,  and  fl  ), 
H  2  respectively)  determined  from  equation  7. 

-  4n  n 

T2= - - — 7-^— - - — Y  Il7» 

(E,+H,)^+(E,+H,)^ 

P  _(E,-H,)^+(E,-H,)^ 

Xv2  —  —  —  ^  —  ~  (*-') 

(E,-f-H,)^+(E,  +  H,)^ 

The  total  transmittance  through  the  film  and  substrate  can  be  determined  b>  .sununing  up  the 
infinite  series  of  the  combined  reflectance  and  transmittance  terms  (see  Figure  1 1  i.c..  q  f, , 
fjtjRiRj ,  tjfj (RiR2)^  >  T,t2(R,R2)^ ,  etc,  w^hich  results  in  the  following  expression: 
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T{X,X,7]„T]^,ej 


T.T; 

1-R,R2 


where  ri\  and  r}s  are  the  complex  refractive  indices  of  layer  /,  and  the  substrate,  s,  respectively. 
For  tilted  filters,  the  average  transmittance  due  to  the  p-  and  s-polarized  components  of  the 
incident  light  is  determined. 


2.2.  Titled  filter  application  for  optical  prediction 

In  the  optical  computing  approach  to  predicting  sample  properties  or  composition,  a  radiation 
source,  filter,  and  detector  is  used  to  replace  the  traditional  multiwavelength  absorption  or 
emission  spectrometer.  The  combined  spectral  response  of  the  filter  instrument  matches  the 
spectral  pattern  of  the  desired  shape  of  a  multivariate  regression  factor  from  a  PCR  or  PLS 
calibration.  The  signal  produced  at  the  detector  is  a  product  of  the  intensity  of  the  incident  beam 
as  a  function  of  wavelength,  T ,  the  transmission  spectmm  of  the  filter,  f  ,  and  the  sensitivity  of 
the  detector,  Q ,  as  a  function  of  wavelength.  By  directing  the  multiwavelength  light  through  the 
sample  and  then  onto  a  single  detector,  a  summation  operation  is  effectively  performed,  giving  a 
detector  response  proportional  to  the  summed  intensity  of  detected  photons.  One  complication 
with  this  approach  lies  in  the  fact  that  multivariate  regression  vectors  have  negative  and  positive 
lobes,  whereas,  optical  transmission  spectra  are  normegative.  In  earlier  reports,  a  solution  to  this 
problem  was  proposed  by  fabricating  two  filters,  one  representing  the  positive  lobes  of  the 
multivariate  regression  vector,  and  the  other  representing  the  negative  lobes  of  the  multivariate 
regression  vector  (5,  6).  The  light  from  the  two  filters  was  then  directed  to  two  separate 
detectors.  The  resulting  two  signals  were  then  subtracted  by  means  of  a  simple  difference 
amplifier  circuit. 

With  the  new  filter  optimization  procedure  described  below,  it  is  possible  to  envision  an 
alternative  instrument  configuration  that  utilizes  a  single  tilted  filter  instead  of  two  discrete 
filters,  thereby  reducing  the  complexity  and  cost  of  the  device  (see  Figure  2).  By  using  a  filter 
tilted  at  an  angle  45°  to  the  plane  of  the  incident  beam,  the  incident  beam  is  split  into  a  reflected 
beam,  R ,  and  a  transmitted  beam,  f ,  that  are  then  directed  to  two  different  detectors. 
Assuming  no  light  is  absorbed  by  the  filter,  the  transmitted  radiation  and  reflected  radiation  from 
a  filter  tilted  at  45°  are  related  to  one  another  by  equation  15, 


R=l-f  (15) 

A  difference  amplifier  is  then  used  to  subtract  the  two  signals,  thereby  achieving  an  output  given 
by  equation  16: 

yo=GxIxfxQ*S-GxixRxQ*S  (16) 
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where  Vp  is  output  voltage,  G  are  amplifier  gain  constants,  and  S  is  the  sample  spectrum  vector. 
Substituting  equation  15  into  equation  16  and  simplifying  gives  the  overall  instrument  response 
function: 

K)ut  =  GxIxQxj^2T  —  lj«S  +  Vqffset  =  G  L  •  S  +  offset  ( ^ 

where  L  represents  the  spectral  pattern  produced  by  the  tilted  filter  instrument. 

2.3  Nonlinear  Optimization  of  Filter  Layers 

The  optimization  of  filter  parameters  is  carried  out  in  a  manner  that  minimizes  the  root  mean 

standard  error  of  calibration  (RMSEC)  using  a  simulated  filter  transmission  spectrum,T ,  at  m 
discrete  wavelength  channels.  In  order  to  design  the  thickness  of  layers  of  a  MOC  filter  on  a 
digital  computer,  the  tilted  filter  response  function  described  in  equation  1 7  is  simulated.  Using 
a  set  of  digitized  calibration  spectra  representative  of  real  samples,  the  vector  of  concentration 
values,  y,-,  of  the  calibration  samples  is  predicted  according  to  equation  18. 

yi  —  ^out  =  G  X  L  •  Sj  +  Vojfset  (18) 

From  the  estimated  concentration  values  of  the  calibration  set,  y.  ,  RMSEC  is  calculated 
according  to  equation  1 9. 


Y^iyi-yO^ 

RMSEC  =  -  (19) 

f  m 

The  objective  function  optimized  is  simply  the  root  mean  squared  error  of  calibration.  The 
amplifier  gain,  offset,  and  thicknesses  of  the  N-2  layers  of  the  filter  are  the  parameters  adjusted 
during  the  optimization  process.  The  minimum  RMSEC  of  the  optical  filter  approach  can  be 
visualized  as  a  search  on  a  complex  //-dimensional  response  surface.  The  filter  design  algorithm 
created  for  this  purpose  is  based  on  the  quasi-Newton  method  of  nonlinear  optimization  (12,13). 

Two  variants  of  the  filter  optimization  program  were  developed,  differing  from  each  other  only 
in  how  the  optimization  starting  point  is  initialized.  In  the  both  approaches,  the  filter  design 
algorithm  is  initialized  by  specifying  the  number  of  layers,  N-2,  with  predetermined  thicknesses, 
Zi,  representing  a  single  point  on  the  response  surface.  At  each  iteration  of  the  optimization 
process,  curvature  (gradient)  information  is  built  up  to  formulate  a  quadratic  model  problem  of 
the  form. 


It  t 

min-z  Hz-tc  z-l-li 

r  2 


(20) 
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where  z  is  the  vector  of  N  optimization  parameters,  the  Hessian  matrix,  H,  is  a  positive  definite 
symmetric  matrix  (crucial  in  maintaining  a  constant  descent  down  the  slope  of  the  search 
surface),  c  is  a  constant  vector,  and  b  is  a  constant.  The  optimization  converges  to  a  solution 
corresponding  to  the  lowest  value  of  the  RMSEC  when  the  partial  derivatives  of  z  go  to  zero,  i.e., 

V/(z*)  =  Hz*+c  =  0  (21) 


The  optimal  solution  point,  z*,  can  be  written  as 


z*  =  -H'‘c 


(22) 


At  the  starting  point,  H  can  be  set  up  to  any  positive  definite  matrix  (e.g.  the  identity  matrix,  I). 
The  observed  behavior  ofJ{z)  and  Vfiz)  is  then  used  to  build  up  curvature  information  to  make 
an  approximation  of  H  using  the  updating  formula  developed  by  Broyden  (14),  Fletcher  (15), 
Goldfarb  (16),  and  Shaimo  (17),  also  known  as  the  BFGS  formula.  The  formula  is  given  by 


H 


i+I 


=  H,+ 


Ml 

qlsi 


where 


(23) 


The  gradient  information  is  provided  by  perturbing  each  of  the  design  variables  (i.e.  layer 
thicknesses)  in  turn  and  calculating  the  rate  of  change  in  the  RMSEC.  At  each  major  iteration  k,  a 
line  search  is  determined  in  a  direction  in  which  the  solution  is  estimated  to  lie,  and  is 
determined  by 


d  =  -Hr.  /(z,) 


(24) 


During  optimization,  layers  thicknesses  that  fall  below  a  specified  threshold  value  (ca.  0.5  nm) 
are  not  acceptable,  keeping  in  mind  that  extremely  thin  layers  do  not  contribute  appreciably  to 
the  transmission  curve  of  the  filter  and  may  not  be  conveniently  deposited  during  the  fabrication 
process.  Therefore,  in  the  event  that  a  layer  falls  below  this  threshold  value  during  optimization, 
the  optimization  processes  is  stopped,  the  offending  layer  is  deleted,  and  the  optimization  re¬ 
started  at  the  previous  design  point  with  one  fewer  layers.  Other  flags  are  activated  to  re-start  the 
process  whenever  the  optimization  is  stalled  or  the  number  of  maximum  iterations  is  reached. 

The  starting  point  of  the  optimization  routine  is  important  since  it  can  have  a  significant  bearing 
on  the  final  results.  The  descent  towards  an  optimal  value  of  RMSEC  proceeds  on  the  response 
surface  through  several  possible  pathways,  depending  on  the  starting  point  and  the  search 
direction.  The  choice  of  an  appropriate  starting  point  usually  entails  a  fairly  quick  descent  to  a 
local  minimum  on  the  response  surface.  There  are  currently  two  variants  to  the  filter  design 
algorithm,  both  of  which  are  based  on  different  modes  of  initialization.  In  the  first  approach,  one 
initializes  the  optimization  process  with  a  specified  number  of  layers  having  random  thicknesses 
uniformly  distributed  in  the  range  from  1  to  100  nm.  For  different  random  starts,  the  search 
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frequently  proceeds  to  different  local  minima  on  the  response  surface,  hence,  different  solutions. 
In  this  manner,  many  different  solutions  having  useful  predictive  properties  are  found.  In  this 
approach,  one  typically  starts  with  a  large  number  of  layers  that  w’ill  give  a  filter  having  a 
thickness  near  the  upper  practical  limit.  Since  the  algorithm  automatically  deletes  layers  that 
become  negligibly  thin  during  the  optimization  process,  this  approach  is  observed  to  produce 
filters  having  different  numbers  of  layers,  and  thus  regression  vectors  of  differing  levels  of 
parsimony. 

In  the  second  method  of  filter  initialization,  the  optimization  process  starts  with  a  specified 
number  of  layers  having  random  thicknesses  as  before.  Using  the  tilted  filter  model,  a  filter  is 
designed  using  equations  25  and  26  (10)  to  match  the  filter's  combined  transmission  and 
reflectance  spectrum  to  an  A^-factor  principal  component  regression  (PCR)  vector  at  m  digitized 
wavelengths, 

RpCR£L  =  [2t-l] 

m 

F(x)=^(Ri,PCR-Liy^ 
i=l 

where  RpcR  is  the  regression  vector,  f  is  the  filter’s  transmission  spectrum,  and  L  is  the  filter’s 

combined  transmission  and  reflection  spectrum  described  in  equation  1 7.  The  results  of  the  PCR 
optimization  step  (e.g.,  layer  thicknesses)  are  used  as  the  initial  starting  point  in  the  optimization 
of  RMSEC,  as  described  previously. 


(25) 

(26) 


3.  EXPERIMENTAL 


Simulated  data 

Simulated  data  was  used  during  the  development  and  testing  of  the  filter  design  algorithms,  since 
this  provided  ideal  mixture  spectra  having  precisely  known  characteristics.  Two  simulated  pure 
component  UV  spectra  were  generated  by  summing  scaled  Gaussian  bands  to  produce  the  pure 
component  spectra  shown  in  Figure  3.  Mixture  spectra  were  generated  by  adding  components  of 
the  mixture  together  to  constmct  a  training  set  and  validation  set  using  a  3-level,  2-factor  central 
composite  experimental  design  shown  in  Table  1 .  Design  points  for  the  \'alidation  samples  were 
selected  at  locations  between  calibration  points  in  or  exercise  the  calibration  model’s  ability  to 
interpolate.  The  resulting  absorbance  spectra  were  log  transformed  to  produce  transmission 
spectra.  Scaled,  normally  distributed  random  numbers  with  a  mean  of  zero  and  a  standard 
deviation  of  0.1  %T  were  added  to  the  resulting  transmission  spectra  to  simulate  measurement 
noise.  The  resulting  training  and  validation  set  of  transmission  spectra  were  used  to  develop  the 
filter  design  algorithms. 


no 


Experimental  data 

A  set  of  binary  dye  mixtures  were  prepared  from  two  water  soluble  dyes  obtained  from  Aldrich 
Chemical  Company,  Bismarck  Brown  (BB)  (ATOax=457  nm,  dye  content  50  %)  and  Crystal  Violet 
(CV)  (AOTax=590  nm,  ACS  reagent  dye  content  95  %).  Stock  solutions  in  distilled  water  of  BB  at 
8.23x10'^  M  and  CV  at  3.77x10’^  M  were  prepared.  Random  numbers  were  generated  and 
applied  in  diluting  the  stock  solutions  to  ensure  that  the  relative  concentration  of  the  two  dyes 
were  varied  independently.  The  random  numbers  were  also  chosen  to  ensure  that  the 
transmittance  spectra  of  the  diluted  mixtures  were  between  30  %  and  70  %.  In  this  maimer,  40 
binary  dye  solutions  were  prepared  in  which  the  concentrations  of  the  two  dyes  varied 
independently.  Bismarck  Brown  was  selected  as  the  analyte  because  the  spectrum  of  CV 
overlapped  it  at  all  wavelengths.  CV  was  treated  as  an  uncorrelated  interferent  whose 
concentration  varied  randomly.  The  transmittance  spectra  (Figure  4)  were  acquired  between  400 
nm  and  650  run  on  a  Hewlett-Packard  UV-VIS  diode  array  spectrometer  (Model  8543).  An 
instmment  prototype  for  the  implementation  of  multivariate  optical  computing  using  a  single 
MOE,  has  already  been  described  (7).  The  transmittance  spectra  were  convolved  with  a  bandpass 
filter  transmission  spectrum,  the  source  lamp  emission  spectrum,  and  detector  response  function 
of  the  prototype  field  instrument  to  give  an  accurate  representation  of  the  detected  response  as  a 
function  of  wavelength  (Figure  5).  The  corrected  spectra  were  used  for  MOE  design  and 
multivariate  analysis.  PCR  and  the  MOE  design  algorithm  were  written  in  MATLAB 
(Mathworks  Inc.  Natick,  MA). 


4.  RESULTS  AND  DISCUSSION 


4.1  Estimation  of  figures  of  merit  from  PCR  calibration 

The  conventional  approach  to  the  multivariate  analysis  of  optical  spectra  requires  the  use  of 
bilinear  regression  techniques  for  the  correlation  of  the  spectral  wavelengths  to  concentration  (or 
any  other  property  of  interest).  In  particular,  PCR  is  routinely  used  to  define  a  regression  vector 
or  pattern,  which  correlates  the  wavelength  channels  to  the  concentration  of  the  species  of 
interest,  but  is  orthogonal  to  interferences  (4).  The  initial  step  in  PCR  analysis  involves 
reduction  in  the  dimension  by  use  of  the  truncated  singular  value  decomposition  (SVD)  of  an  n  x 
m  matrix  of  calibration  spectra,  X,  where  n  is  the  number  of  spectra,  and  m  is  the  number  of 
wavelength  channels  or  variables  , 


X  —  Ujijx  p^px  p'^pxm 


(27) 


and  p  is  the  number  of  singular  values  retained  in  the  trancated  SVD.  The  resulting  p  factor 
PCA  model  is  used  to  estimate  a  regression  vector,  r,  that  can  be  used  for  prediction,  where  p, 
the  number  or  principal  components,  is  selected  to  give  adequate  prediction  properties  to  the 
regression  model. 


=  (28) 

y  =  x-r^  (29) 
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A  PCR  calibration  model  was  constructed  for  the  simulated  optical  transmittance  spectra  in  order 
to  provide  a  baseline  level  of  calibration  performance  for  comparison  with  the  optical  regression 
technique.  Examination  of  SEC  and  SEP  revealed  3  factors  gave  an  adequate  calibration  model 
(see  Figure  6)  {SEC  =  0.0163,  SEP  =  0.0096).  This  error  level  corresponds  to  1.6%  and  0.96% 
error  relative  to  the  mean  of  the  calibration  set.  A  slight  amount  of  curvature  can  be  observed  in 
the  calibration  curve  due  to  the  fact  that  the  calibration  model  was  developed  using  transmission 
spectra,  which  is  necessitated  by  the  nature  of  the  tilted  filter  instrument.  Here,  a  linear  3  factor 
PCR  model  achieves  an  acceptable  approximation  to  the  non-linear  calibration  problem.  Since 
the  validation  points  cover  a  narrower  working  range  than  the  calibration  standards,  SEP  is 
slightly  lower  than  SEC.  For  comparison,  an  ideal  two-factor  PCR  model  developed  from 
absorbance  spectra  instead  of  transmission  spectra  can  be  used  to  establish  an  approximate  lower 
error  bounds  of  5!£’C=0.0019  and  5£'P=0.0021.  The  calibration  developed  using  transmission 
spectra  is  slightly  worse  than  the  calibration  model  developed  using  absorption  spectra,  however, 
it  still  possess  useful  predictive  properties. 

A  four  factor  PCR  calibration  model  was  constructed  for  the  BB-CV  training  sets  of  optical 
transmittance  spectra.  A  plot  of  the  root  mean  squared  error  of  cross  validation  vs.  number  of 
principal  components  (Figure  7)  shows  that  four  principal  components  are  required  for  optimum 
predictive  ability.  The  standard  error  of  calibration  (SEC)  was  0.0907  jiM,  corresponding  to 
1 .0%  error  relative  to  the  mean  of  the  calibration  set.  The  four-factor  model  was  validated  with 
the  test  set  of  optical  spectra,  and  the  standard  error  of  prediction  (SEP)  was  estimated  to  be 
0.2583  |xM,  or  2.8%  relative  to  the  mean  of  the  calibration  set.  A  slight  amount  of  curvature  was 
also  observed  in  this  calibration  curve  for  the  reasons  stated  above. 

4.2  Estimation  of  the  figures  of  merit  for  a  conventional  numerical  filter  design 

In  a  previous  report  (18),  a  filter  design  was  synthesized  by  using  the  needle  optimization 
technique  to  match  a  target  transmission  spectrum  that  was  arbitrarily  scaled  from  the  4-factor 
regression  vector  for  the  BB-CV  data  set.  Here,  the  spectra]  profile  of  the  scaled  regression 
vector  is  iteratively  synthesized  by  minimizing  the  merit  function,  F  (see  Equation  1),  which 
describes  the  difference  between  a  calculated  spectrum  (based  on  the  MOE  layer  thicknesses  in 
each  iteration),  and  a  target  spectrum  (represented  by  the  spectral  profile  of  the  scaled  PCR 
vector).  The  regression  vector  was  scaled  according  equation  30,  where  T  is  the  target 
transmittance  spectrum  and  R  is  the  regression  vector. 

f(%)  =  50  +  1.85R  (30) 

It  is  virtually  impossible  to  exactly  reproduce  the  target  spectrum  over  a  wide  wavelength  range, 
since  the  distribution  of  design  tolerances  (see  Equation  1)  are  not  likely  to  prevent  spectral 
mismatch  across  all  the  wavelength  channels.  At  best,  a  range  of  tolerances  have  to  be  selected 
that  would  minimize  the  deviation  from  the  target  for  a  portion  of  the  spectrum  relative  to  others. 

It  is  however  possible  to  define  a  wavelength  range  over  which  the  transmittance  function  of  the 
MOE  must  be  defined.  Outside  this  operational  bandpass,  all  values  of  transmittance  for  the 
MOE  are  permissible  because  the  variance  of  the  signal  strength  is  so  small  that  it  has  a 
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negligible  impact  on  prediction.  Determination  of  the  operational  bandpass  limits  has  already 
been  examined  in  a  discussion  of  spectral  tolerance  for  MOE  design  in  reference  7.  For  the 
binaiy  dye  system,  the  effective  bandpass  was  determined  to  be  between  423  nm  and  624  nm.  By 

solving  for  R  in  equation  30,  the  calibration  and  prediction  error  from  the  spectrum  resulting 
from  the  filter  design  was  determined  to  be  0.4471  p.M  and  0.4908  p.M  respectively. 

Clearly,  this  approach  to  MOE  synthesis  degrades  the  calibration  and  prediction  error  of  the 
designed  filter.  This  development  has  necessitated  a  paradigm  shift  in  terms  of  approaching  the 
filter  design  problem.  Instead  of  approaching  the  filter  design  in  terms  of  matching  the  structure 
of  a  regression  vector,  a  filter  design  that  minimizes  calibration  error  is  even  more  desirable, 
considering  that  a  further  degradation  in  SEC  is  to  be  expected  from  likely  manufacturing  errors 
that  would  prevent  the  accurate  deposition  of  filter  layers  as  specified  by  a  given  design. 


4.3  Minimization  of  calibration  error  with  random  initialization  of  filter  design  algorithm 

In  the  first  approach  to  designing  optical  computing  filters,  a  filter  design  is  initialized  by  a 
specified  number  of  random  filter  coefficients  (i.e.  layers  thicknesses).  Using  the  simulated 
calibration  spectra,  an  initial  rapid  convergence  to  the  mean  y-value  of  the  calibration  set  was 
observed,  followed  thereafter  by  a  slow  descent  to  a  local  m  inimum  value  of  the  sum  of  squared 
calibration  error.  It  was  observed  that  different  random  starts  using  the  same  number  of  starting 
layers  will  result  in  different  filter  designs.  This  suggests  that  the  descent  towards  an  optimal 
value  of  the  sum  of  squared  calibration  error  proceeds  on  a  complex  iV-dimensional  response 
surface  through  several  possible  pathways,  depending  on  the  random  starting  point  and  best 
search  direction.  For  different  random  starts,  the  search  direction  proceeded  to  different  local 
minima  on  the  response  surface,  hence  the  possibility  of  different  solutions  to  the  optimisation 
problem. 

Table  2  shows  10  of  the  best  filter  designs  obtained  by  systematically  designing  filters  having  1 
to  31  initial  layers  of  random  thickness  and  10  different  trials  per  layer  setting.  Figure  8  shows 
the  response  curves  of  the  10  selected  filters  described  in  Table  2.  The  overall  best  filter  had  15 
layers  and  gave  SEC  =  0.0070  and  SEP  =  0.0079,  corresponding  to  0.7%  and  0.8%  error  relative 
to  the  mean  of  the  calibration  set.  It  is  interesting  to  note  that  the  performance  of  this  optical 
filter  calibration  is  better  than  the  best  PCR  regression  vector  when  transmission  spectra  are 
considered,  as  necessitated  by  the  tilted  filter  instrument  design.  While  the  optical  filters 
designed  by  non-linear  optimization  produced  calibration  curves  that  were  substantially  better, 
they  were  not  as  good  as  the  results  obtained  in  the  ideal  case,  e.g.,  a  two-factor  PCR  calibration 
with  absorbance  spectra.  As  before,  a  slight  amount  of  curvature  can  be  observed  in  the 
calibration  curve  due  to  the  fact  that  the  calibration  model  was  developed  using  transmission 
spectra,  and  since  the  validation  points  cover  a  narrower  working  range  compared  to  the 
calibration  standards,  SEP  is  slightly  lower  than  SEC. 

A  similar  study  was  conducted  for  the  BB-CV  mixtures.  Table  3  shows  several  random 
initializations  for  various  filter  designs  based  on  the  binary-dye  data,  along  with  the  final  filter 
parameters  and  the  corresponding  figures  of  merit  (i.e.  SEC  and  SEP).  Figure  9  shows  the 
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response  curves  of  the  various  filter  designs  in  Table  3.  In  this  case  the  besl  o\'erall  illler  gave 
better  predictions  than  a  4-factor  PCR  regression. 

4.4  Minimization  of  calibration  error  via  initialization  to  PCR  regression  vector 

As  described  previously,  the  second  approach  to  designing  MOE  filters  involves  an  initial 
step  in  which  filter  parameters  with  random  initial  values  are  optimized  to  give  response  vectors 
that  fairly  approximate  a  PCR  regression  vector.  The  optimized  filter  parameters  obtained  by 
matching  the  PCR  vector  are  then  used  to  initialize  the  filter  design  algorithm  that  searches  for  a 
minimum  RMSEC.  Typically,  slow  convergence  to  the  shape  of  the  PCR  vector  was  observed, 
followed  by  a  relatively  fast  “relaxation”  to  the  final  design  vector.  Table  4  shows  10  of  the  best 
filter  designs  obtained  for  the  simulated  data  set  by  systematically  designing  filters  having  1  to 
31  initial  layers  of  random  thickness  and  1  to  3  factors  in  the  initial  PCR  regression.  Figure  10a 
compares  a  fitted  optical  regression  vector  with  the  target  PCR  vector  for  a  two  factor  PCR 
calibration  model  using  22  layers.  As  can  be  seen  in  this  figure,  the  initial  filter  gives  a  good 
approximation  to  the  shape  of  the  PCR  regression  vector.  Figure  10b  shows  the  response  curves 
of  the  10  selected  filters  described  in  Table  4.  As  can  be  seen  in  Figure  10b,  the  final  shape  of 
the  filter  regression  vectors  have  diverged  significantly  from  the  original  PCR  shape,  such  that 
they  now  match  the  general  shape  of  the  some  of  vectors  shown  in  Figure  8.  This  suggests  that 
the  non-linear  optimization  strategy  finds  many  different  local  minima  that  produce  regression 
vectors  having  similar  shapes.  The  overall  best  filter  for  this  simulated  data  sets  was  initialized 
from  a  one  factor  PCR  regression,  had  22  layers,  and  gave  SEC  =  0.0095  and  SEP  =  0.0083, 
corresponding  to  0.95%  and  0.83%  error  relative  to  the  mean  of  the  calibration  set.  The 
performance  of  this  optical  filter  calibration  is  better  than  the  best  PCR  regression  vector  when 
transmission  spectra  are  considered,  however,  the  best  filter  performed  slightly  worse  than  the 
best  filter  obtained  using  the  random  initialization  method.  The  main  advantage  of  the  PCR 
initialization  approach  for  this  data  set  was  that  less  computational  effort  was  required,  so  filters 
with  useful  predictive  properties  can  be  generated  quickly  during  feasibility  studies.  As  before,  a 
slight  amount  of  curvature  can  be  observed  in  the  calibration  curve  due  to  the  fact  that  the 
calibration  model  was  developed  using  transmission  spectra,  and  since  the  validation  points 
cover  a  narrower  working  range  compared  to  the  calibration  standards,  SEP  is  slightly  lower  than 
SEC. 

For  the  BB-CV  data  set,  the  optimization  algorithm  was  initialized  with  a  25-layer  filter  with 
each  layer  thickness  at  100  nm.  The  spectral  profile  of  this  intermediate  design  was  used  to 
initialize  the  filter  design  algorithm  that  minimizes  RMSEC,  producing  a  final  design  with  19 
layers  whose  spectrum  is  shown  in  Figure  1 1.  Even  though  the  calculated  vectors  turned  out  to 
be  slightly  different  from  each  other,  they  are  both  relaxed  to  give  identical  final  filter  designs. 
This  ensures  that  for  a  given  number  of  starting  random  layers,  the  final  design  is  always 
reproducible. 

The  two  filter  design  approaches  described  above  often  produced  designs  that  do  not  resemble 
the  PCR  regression  vector  as  shown  in  Figures  9  and  11.  The  PCR  regression  vector  can  be 
visualized  as  a  point  in  p-factor  space  that  describes  a  linear  relationship  between  the  analyte  and 
the  measurement  variables  (i.e.  spectral  wavelengths),  that  is  orthogonal  to  interferents.  ^^ereas 
there  is  only  one  such  direction  for  a  p-factor  PCR  calibration  model,  there  are  several  paths  to 
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the  various  local  minima  on  the  multi-dimensional  response  surface  depending  on  the  starting 
point  of  the  optimization.  Because  the  attainment  of  a  global  least  squares  minimum  is  difficult 
under  these  conditions,  there  is  therefore  the  possibility  of  obtaining  several  solutions  to  the 
optimization  problem,  as  is  evident  from  the  results  obtained. 

5.  CONCLUSION 

A  fairly  straightforward  algorithm  for  the  design  of  filter  elements  used  for  optical  computing 
has  been  described  and  successfully  demonstrated.  The  algorithm  is  used  to  design  MOE  filters 
with  the  good  predictive  ability  for  a  chemical  species  of  interest.  Unlike  design  methods  that  are 
dependent  on  matching  a  fixed  profile,  this  new  algorithm  provides  multiple  pathways  through 
which  various  MOE  designs  are  obtained,  all  of  which  strive  to  achieve  a  low  SEC.  Because  of 
this,  the  algorithm  also  provides  a  means  by  which  a  particular  filter  design  can  be  modified 
continuously  during  the  fabrication  process  to  correct  for  errors  generated  from  the 
manufacturing  process  without  seriously  compromising  the  predictive  ability  of  the  MOE.  The 
means  by  which  this  is  implemented  is  the  subject  of  future  work. 
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Table  captions 

1 .  Relative  amounts  of  components  1  and  2  in  simulated  calibration  and  validation 
spectra. 

2.  Performance  characteristics  of  10  best  filters  for  the  simulated  calibration  and 
validation  data  set  using  the  random  initialization  method. 

3.  Performance  characteristics  of  5  filters  for  the  BB-CV  data  set  using  the  random 
initialization  method. 

4.  Performance  characteristics  of  10  best  filters  for  the  simulated  calibration  and 
validation  data  sets  using  the  PCR  initialization  method. 


Table  1 


Calibration  set  Validation  set 


Std  no. 

Comp.  1 

Comp  2 

Comp.  1 

Comp  2 

1 

0.8 

0.8 

0.9 

0.9 

2 

1.2 

0.8 

1.1 

0.9 

3 

0.8 

1.2 

0.9 

1.1 

4 

1.2 

1.2 

1.1 

1.1 

5 

1.0 

1.0 

1.0 

1.0 

6 

1.0 

1.0 

1.0 

1.0 

7 

1.0 

1.0 

1.0 

1.0 

8 

1.4 

1.0 

1.3 

1.0 

9 

0.6 

1.0 

0.7 

1.0 

10 

1.0 

1.4 

1.0 

1.3 

11 

1.0 

0.6 

1.0 

0.7 

Table  2: 


No.  initial 
layers 

SEC 

SEP 

RMS  avg 

No.  final 
layers 

29 

0.00950 

0.00792 

0.00875 

27 

28 

0.00924 

0.00802 

0.00865 

26 

19 

0.00923 

0.00796 

0.00862 

17 

29 

0.00841 

0.00875 

0.00858 

29 

20 

0.00885 

0.00822 

0.00854 

14 

30 

0.00919 

0.00782 

0.00853 

30 

21 

0.00909 

0.00784 

0.00849 

21 

20 

0.00879 

0.00794 

0.00838 

20 

25 

0.00728 

0.00846 

0.00789 

23 

15 

0.00699 

0.00794 

0.00748 

15 
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Table  3; 


Table  4: 


No.  initial 
layers 

SEC  (^iM)  SEP  (fiM) 

RMS  error 

No.  final 
layers 

15 

0.2587 

0.4151 

0.3459 

15 

20 

0.2546 

0.4025 

0.3368 

20 

25 

0.251 

0.4026 

0.3355 

19 

30 

0.2435 

0.3782 

0.3181 

24 

35 

0.2574 

0.4167 

0-3463 

35 

No.  factors 

No.  initial 
layers 

SEC 

SEP 

RMS  error 

No.  final 
layers 

2 

22 

0.01164 

0.00808 

0.01002 

16 

2 

26 

0.01143 

0.00837 

0.01002 

22 

1 

21 

0.01134 

0.00827 

0.00992 

15 

1 

29 

0.01134 

0.00797 

0.00980 

25 

1 

22 

0.01103 

0.00802 

0.00964 

18 

1 

27 

0.0108 

0.00796 

0.00949 

27 

2 

30 

0.01051 

0-00807 

0.00937 

26 

2 

31 

0.01051 

0.00807 

0.00937 

26 

2 

23 

0.01036 

0.00803 

0.00927 

19 

1 

28 

0.00952 

0.00827 

0.00892 

22 
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Figure  4 


10.10  DESIGN  OF  ANGLE-TOLERANT  MULTIVARIATE  OPTICAL  ELEMENTS 
OF  CHEMICAL  IMAGING 
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Design  of  Angle-Tolerant  Multivariate  Optical 
Elements  for  Chemical  Imaging 

0.0.  Soyemi^,  P.J.  Gemperline^,  M.L.  Myrick’’. 

'Department  of  Chemistry  and  Biochemistry,  University  of  South  Carolina,  Columbia,  SC  29208. 
■^Department  of  Chemistry,  East  Carolina  University,  Greenville,  NC  27858. 

Multivariate  optical  elements  (MOEs)  are  multilayer  optical  interference  coatings  with 

arbitrary  spectral  profiles  that  are  used  in  multivariate  pattern  recognition  to  perform  the 

task  of  projecting  magnitudes  of  special  basis  functions  (“regression  vectors”)  out  of 

optical  spectra.  Because  MOEs  depend  on  optical  interference  effects,  their  performance 

is  very  sensitive  to  the  angle  of  incidence  of  incident  light.  This  angle  dependence 

frustrates  their  simple  use  in  imaging  applications.  We  report  a  method  for  the  design  of 

angle-insensitive  MOEs  based  on  modification  of  a  previously  described  nonlinear 

optimization  algorithm.  This  algorithm  operates  by  simulating  the  effects  of  deviant 

angles  of  incidence  prior  to  optimization,  treating  the  angular  deviation  as  an 

“interferent”  in  the  measurement.  In  demonstrating  the  algorithm,  a  13-layer  imaging 

MOE  (IMOE,  with  alternating  layers  of  high  index  Nb205  and  low  index  Si02)  for  the 

determination  of  Bismarck  Brown  dye  in  mixtures  of  Bismarck  Brown  and  Crystal 

Violet,  was  designed  and  its  performance  simulated.  For  angles  of  incidence  that  range 

from  42°  to  48°,  the  IMOE  has  an  average  standard  error  of  prediction  (SEP)  of  O.SSpM 

for  Bismarck  Brown.  This  compares  to  a  SEP  of  2.8  pM  for  a  MOE  designed  by  a  fixed- 

angle  algorithm. 
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INTRODUCTION 


Optical  spectroscopy  coupled  with  multivariate  mathematics  is  routinely  used  in 
analytical  chemistry  for  species  quantification  and  chemical/biomedical  imaging. 
However,  the  widespread  application  of  this  type  of  analytical  spectroscopy  has  been 
limited  by  heavy  reliance  on  bulky  and  expensive  multichannel  instruments,  as  well  as 
the  need  for  fast  computing  technology  to  process  the  vast  amounts  of  multivariate  data 
that  are  generated  (1).  In  1986,  Bialkowski  proposed  that  optical  filters  could  be  designed 
to  aid  in  this  process  (2),  an  idea  refined  by  Ryabenko  in  1991  (AA)  and  our  laboratory  in 
1998  (BB).  In  each  of  these  studies,  the  use  of  an  optical  interference  filter  to  project  a 
spectral  pattern  out  from  collimated  multiwavelength  light  was  proposed,  a  simple  form 
of  optical  computing.  Recent  reports  of  optical  regression  studies  using  conventional 
acousto-optical  tunable  spectrometer  systems  show  the  potential  for  such  multivariate 
optical  computing  methods  as  supplements  to,  or  replacements  for,  conventional 
spectrometer  systems  (Booksh,CC). 

Our  laboratory  recently  demonstrated  this  promise  by  designing,  fabricating  and 
characterizing  the  performance  of  an  optical  interference  filter  for  a  chemical 
measurement  (4).  These  interference  filters,  which  we  refer  to  as  multivariate  optical 
elements  or  MOEs,  permit  the  estimation  of  chemical  properties  based  on  the 
measurement  of  a  spectral  pattern.  While  conventional  spectroscopy  is  still  needed  to 
characterize  samples  so  that  a  suitable  spectral  pattern  on  which  to  base  an  analytical 
measurement  can  be  found,  MOEs  permit  the  magnitude  of  these  spectral  patterns  to  be 
measured  without  the  necessity  of  recording  spectra  for  unknown  samples. 
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A  further  application  for  MOEs  is  as  color-separation-type  elements  in  imaging  systems. 
Hypothetically,  an  MOE  can  be  designed  to  provide  immediate  imaging  of  chemical 
distributions.  For  instance,  if  light  from  a  scene  (the  “source  scene”)  transmitted  through 
an  MOE  were  imaged  and  mapped  to  the  red  channel  of  an  RGB  display,  while  the 
reflectance  were  imaged  and  mapped  to  the  green  and  blue  channels  of  the  same  display, 
the  resulting  image  should  contain  an  implicit  color-coding  of  the  MOE  projection  of  the 
light  source.  However,  this  relatively  simple  concept  is  complicated  by  the  angular 
distribution  of  light  inherent  in  imaging  systems. 

In  the  demonstration  of  reference  4,  a  pinhole  was  used  to  define  an  approximate  point 
source  of  light  so  that  nearly  collimated  light  could  be  used.  MOEs,  like  other 
interference  filters,  have  transmission  spectra  that  are  strongly  angle-dependent.  Since 
the  transmission/reflection  spectra  of  the  MOE  are  key  to  its  operation,  a  change  of  angle 
will  deleteriously  affect  the  chemical  analysis  perfonnance  of  the  MOE.  Light  that  is 
incident  on  the  MOE  with  an  angular  distribution  will  likewise  degrade  its  performance. 

In  the  present  report,  we  describe  a  means  for  designing  MOEs  that  are  less  sensitive  to 
the  angular  distribution  of  light  from  a  source  scene.  In  this  approach,  imaging  MOEs 
(IMOEs)  are  designed  by  simulating  the  effects  of  an  angular  distribution  of  light  from 
the  source  scene.  Iterative  design  of  the  IMOE  then  treats  the  angular  distribution  as  an 
“interferent”,  a  factor  in  the  measurement  that  obscures  the  desired  spectral  content  of  the 
source  scene,  similar  to  the  treatment  of  chemical  species  whose  spectra  overlap  with  and 
obscure  the  spectra  of  a  chemical  species  of  interest.  The  standard  error  of  calibration  for 
the  IMOE  is  used  as  a  figure  of  merit  to  be  minimized  by  iterative  solving,  resulting  in  an 
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IMOE  that  minimizes  both  the  contributions  of  chemical  interferents  and  angular 
distribution  of  light  in  the  source  scene. 

To  illustrate  this  approach  to  IMOE  design,  we  return  to  data  from  reference  4  for  the 
measurement  of  the  dye  bismarck  brown  in  a  random  mixed  solution  with  the  dye  crystal 
violet  (CV).  The  concentration  of  bismarck  brown  (BB)  varied  in  the  samples  in  the 
range  0-18  pM.  We  assume  unpolarized  light  from  the  source  scene  and  an  angle  of 
incidence  of  45  ±  3  degrees.  An  MOE  derived  from  a  fixed-angle  design  algorithm 
resulted  in  a  SEP  of  2.8  pM  when  employed  in  this  simulated  imaging  application.  For 
comparison,  a  MOE  designed  by  the  distributed-angle  algorithm  resulted  in  a  0.55  pM 
SEP. 

EXPERIMENTAL 

The  binary  dye  (bismarck  brown-BB,  and  crystal  violet-CV)  data  used  in  this  study  have 
previously  been  described  (4).  In  brief,  optical  transmission  spectra  of  the  dye  mixture 
from  400  nm  to  650  nm  were  convolved  with  the  spectral  characteristics  of  the  lamp 
source,  the  filter  bandpass,  and  the  detector,  to  provide  an  estimate  of  the  radiometric 
response  of  a  prototype  measurement  system  as  a  function  of  wavelength.  The  MOE 
design  algorithm  was  written  in  the  MATLAB  programming  language  (version  6). 


RESULTS  AND  DISCUSSION 

Multivariate  Spectroscopy  In  brief,  conventional  multivariate  spectroscopy  is  used  in 
analytical  chemistry  by  finding  multiwavelength  patterns  that  correlate  with  chemical 
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analyses  (e.g.,  octane  ratings)  of  a  set  of  calibration  samples  (e.g.,  gasolines).  Once 
found,  new  (unknown)  samples  of  the  same  type  (gasolines)  are  analyzed  by  determining 
the  magnitude  of  this  pattern  in  the  spectra  of  the  unknowns.  The  magnitude  of  the 
pattern  is  evaluated  by  multiplying  the  intensity  of  the  spectrum  at  each  wavelength  by 
the  “loading”  of  the  pattern  at  the  same  wavelength,  and  then  summing  the  result  over  all 
wavelengths.  This  is  illustrated  symbolically  in  Equation  1  below: 

j='. 

where  l(X.j)  is  the  loading  of  the  pattern  at  wavelength  j,  Xi(A.j)  is  the  intensity  of  the 
spectrum  of  the  i'*’  mixture  at  wavelength),  yi  is  the  chemical  analysis  result,  and  j  is  an 
index  that  runs  over  all  the  N  wavelengths  of  the  spectrum. 

Prediction  of  a  desired  property  of  an  unknown  is  carried  out  by  detcnnimng  the 
magnitude  of  the  spectral  pattern  in  the  optical  spectrum  of  the  sample.  More 
specifically,  the  magnitude  is  calculated  by  taking  the  iimer  product  of  the  regression 
vector  and  the  optical  spectrum  of  the  unknown  sample. 

MOEs.  MOEs  make  chemical  predictions  by  effecting  an  optical  computamni  equi\  alent 
to  equation  1.  As  Figure  1  illustrates,  MOEs  are  used  as  optical  beamsplitter^  The\  are 
designed  so  that  their  transmittance  (on  a  scale  of  0  to  1)  at  wavcietigth  i  can  be 
expressed  as: 

2.  T(A,)  =  0.5  +  kl(A,) 

where  k  is  a  proportionality  constant  that  is  the  same  for  all  wavelengths.  In  the  c\  ent 
that  the  MOE  is  free  of  absorption,  the  sum  of  the  reflectance  and  transmittance  of  the 
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filter  is  unity  at  each  wavelength,  giving  equation  3  for  reflectance  at  the  same 
wavelength. 

3.  R(Aj)  =  0.5-1c1(Aj) 

Light  coming  from  a  sample  at  wavelength  j  with  intensity  Xi(A,j)  is  partially  reflected  by 
the  MOE.  If  light  from  the  sample  at  all  N  wavelengths  strikes  the  MOE,  then  the  total 
intensity  of  reflected  light  for  sample  i,  Rtj  is  a  sum  over  N  as  shown  in  Equation  4. 

4.  'R,,,=i(0-5-kl(A,))x,(a,)=0.5Xx.(X,)-kil(A,)x,(A,) 

j=l  j=l  j=l 

The  corresponding  equation  for  the  total  transmitted  light  is  given  in  equation  5: 

5.  T,=0.5Xx,(A,)  +  k|;i(A,)x,(A,) 

j=l  j=l 

If  the  magnitude  of  these  two  total  intensities  is  measured  with  a  corrected  detector,  the 
difference  between  the  two  is: 

6-  (ti-Ru)  =  2kXl(A,)i,(A,)  =  2ky, 

j=l 

In  other  words,  the  difference  between  the  transmittance  and  reflectance  of  an  MOE, 
when  detected  with  a  corrected  detector,  is  directly  proportional  to  the  chemical  (or 
physical)  property  for  which  the  regression  pattern  was  developed.  In  practice,  the 
spectral  efficiency  of  the  detector(s)  is  convoluted  with  the  optical  spectra  prior  to 
development  of  a  regression  pattern  so  that  uncorrected  detectors  can  be  used  on  all  N 
wavelengths  in  parallel. 

IMOE  Devices:  The  proposed  schematic  for  a  T-format  IMOE-based  imaging  device  is 
shown  in  Figure  2A.  IMOE  imaging  is  a  straightforward  extension  from  the  discussion 
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of  fixed-angle  MOEs  above,  treating  each  set  of  matched  pixels  (of  which  one  set  is 
illustrated  in  the  Figure)  in  the  image  detectors  (CCDl  and  CCD2)  as  matched  point 
detectors. 

If  the  spectral  pattern  of  the  MOE  is  designed  with  no  offset  (i.e.,  as  shown  in  equation 
6),  then  when  the  analytical  result  is  zero,  the  transmittance  and  reflectance  of  the  MOE 
are  equal.  When  the  MOE  analytical  result  is  nonzero,  the  reflectance  and  transmittance 
are  unequal.  Thus,  if  the  transmitted  image  is  mapped  to  (for  example)  the  red  chaimel 
while  the  reflected  image  is  mapped  to  the  green  and  blue  channels  of  an  RGB  display, 
all  channels  should  have  the  same  intensity  where  the  analytical  result  is  zero.  If  an 
offset  is  included,  then  an  offset  to  either  the  red  or  green/blue  channels  is  necessary. 
The  image  displayed  will  therefore  appear  in  pure  grayscale  where  the  analytical  result  is 
zero,  presuming  the  display  to  be  balanced  appropriately.  Where  the  analytical  result  is 
nonzero,  either  the  red  or  green/blue  channels  will  dominate.  The  degree  to  which  one  or 
the  other  dominates  would  be  determined  by  the  anal3d:ical  result.  Thus,  the  displayed 
image  would  appear  as  a  grayscale  image  with  an  implicit  colorcode  that  reveals  the 
spatial  distribution  of  the  analytical  result  in  its  intensity  and  color.  A  complete  MOC 
digital  image  is  obtained  without  the  benefit  of  the  extensive  investment  in  calculation 
time  typical  of  conventional  chemical  imaging  techniques  (1). 

Unfortunately,  as  comparison  of  Figures  1  and  2  shows,  normal  MOEs  are  designed  for 
fixed  angles  of  incidence  -  usually  45  degrees.  IMOEs  are  required  to  function 
accurately  at  all  angles  around  the  centerline  of  the  optical  system  up  to  the  extremes 
defined  by  the  field  of  view  of  the  system.  As  Figure  2  illustrates,  the  IMOE  is  stationed 
forward  of  the  lenses  of  the  cameras  to  restrict  the  angles  of  incidence  to  a  minimum 
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range.  In  the  event  of  short  working  distances,  a  front  lens  would  be  necessary  to 
accomplish  this. 

Design  of  Angle-Insensitive  IMOEs:  The  design  algorithm  for  MOEs  in  which  radiation 
emanating  from  the  sample  is  incident  on  the  MOE  at  one  angle  has  already  been 
described  (17).  We  refer  to  the  algorithm  as  “spectral  vector  relaxation”,  or  SVR,  since  it 
begins  with  a  specific  MOE  spectrum  and  adjusts  it  to  best  fit  the  calibrated  spectral  data. 
The  SVR  design  algorithm  uses  the  quasi-New'ton  nonlinear  optimization  technique  (18) 
to  calculate  an  N-layer  MOE  whose  spectrum  \results  in  low  analysis  error  for  the 
chemical  species  of  interest.  The  objective  function  (f(x))  to  be  minimized  is  the  root 
mean  squared  error  of  calibration  (RMSEC),  and  it  is  given  by; 

7.  f(x)=  RMSEC  = 

where  s  is  the  number  of  calibration  samples,  and  y.  and  j).  are  the  know  n  and  estimated 
concentrations  for  the  i'*’  sample  respectively.  At  each  iteration  of  the  I'piiini/ation 
process,  the  layer  thicknesses  (plus  a  scale  and  offset  value)  are  adjusicil  t>>  giu'  a 
spectral  vector  from  which  y,  and  subsequently  f(x)  are  calculated.  The  KMSf  (.'  is 
typically  calculated  from  a  spectral  vector  that  is  evaluated  at  an  angle  ol  meidenee  of 
45°.  By  replacing  the  RMSEC  with  an  objective  function  that  describes  the  mean 
RMSEC  (i.Q. RMSEC)  evaluated  from  several  spectral  vectors  representn.g  various 
angles  of  incidence,  it  is  possible  to  design  an  MOE  whose  perfonnanee  is  relatively 
insensitive  to  spectral  shifts  that  result  from  these  angles  of  incidence.  For  each  v  alue  (o) 
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of  the  angle  of  incidence  relative  to  45  degrees,  the  concentration  estimate  for  the  i'*’ 
sample  ( j),  g )  is  evaluated  as: 

where  T(X.)8  is  the  transmittance  of  the  MOE  as  a  function  of  the  wavelength,  X,  and  the 
angle  of  incidence  5,  and  m  is  the  number  of  digitized  wavelengths  in  the  spectrum. 

RMSEC  is  determined  for  all  values  of  5. 

Performance  Simulation.  Using  the  response  profiles  of  25  calibration  sample  mixtures 
of  BB  and  CV,  an  IMOE  was  designed  for  BB  analysis  using  angles  of  incidence  in  the 
range  of  42°  to  48°.  The  design  of  the  DVIOE  is  shown  in  Table  I;  it  consists  of  13 
alternating  layers  of  niobium  pentoxide  (Nb205)  and  silicon  dioxide  (SiOa)  on  a  BK-7 
glass  substrate,  and  is  shown  in  Table  1.  Other  materials  are  also  suitable  for  this  design 
process.  NbaOs  and  Si02  were  selected  because  they  are  both  produced  in  our  laboratory 
and  accurate  optical  constants  for  the  materials  produced  in  our  deposition  apparatus  (a 
reactive  sputtering  system)  have  been  measured  via  spectroscopic  ellipsometry.  The  shift 
in  the  IMOE  spectmm  as  the  angle  of  incidence  is  varied  from  42°  to  48°  is  shown  in 
Figure  3.  The  same  calibration  samples  were  utilized  in  the  design  of  a  15-layer  MOE 
using  the  conventional  SVR  algorithm  at  a  45°  angle  of  incidence.  For  both  designs,  an 
optimal  standard  error  of  prediction  (SEP)  was  calculated  from  15  validation  samples  that 
were  not  included  in  the  MOE/IMOE  design  process.  The  SEP  is  a  measure  of  how  well 
a  MOE  can  predict  future  samples.  It  is  defined  by  equation  9  below. 
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9.  - 

In  equation  9,  p  is  the  number  of  validation  samples,  y,  and  are  the  true  and 
estimated  values  of  the  test  sample  concentrations  respectively.  A  plot  of  the  SEP  for 
both  MOEs  versus  angle  of  incidence  clearly  shows  that  the  SEP  for  the  modified  SVR 
algorithm  is  relatively  constant  within  the  range  of  incident  angles  selected  (Figure  4).  On 
the  other  hand,  the  predictive  performance  of  the  MOE  designed  with  the  fixed-angle 
SVR  algorithm  sharply  degrades  when  the  angle  of  incidence  is  varied  by  even  ±1. 

The  optimum  SEP  for  the  MOE  designed  with  the  fixed-angle  SVR  algorithm  at  45° 
(0.4)iM),  is  better  than  the  average  SEP  for  the  MOE  designed  using  the  modified  SVR 
algorithm  (0.55pM).  However,  the  loss  in  average  predictive  ability  is  more 
compensated  by  the  robustness  of  the  IMOE  over  multiple  angles  of  incidence.  Even 
slight  variations  (less  than  1°)  in  the  angle  of  incidence  for  a  fixed-angle  MOE  may 
severely  compromise  its  performance. 

The  rationale  behind  the  ability  to  design  angle-invariant  IMOEs  is  as  follows.  As  Figure 
3  illustrates,  the  first-order  effect  of  a  change  in  the  angle  of  incidence  is  to  shift  the 
IMOE  spectrum  to  longer  or  shorter  wavelength.  Spectra  can  be  represented  by  vectors 
in  m-dimensional  space,  where  m  is  the  number  of  wavelengths  in  the  spectrum.  The 
IMOE  spectrum  can  likewise  be  visualized  as  a  vector  in  such  a  space.  A  shift  of  the 
IMOE  spectrum  to  longer  or  shorter  wavelengths  corresponds  to  a  rotation  of  the  IMOE 
vector  in  this  hyperspace  around  an  axis  defined  by  a  vector  of  ones. 
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This  picture  of  an  IMOE  vector  is  represented  in  three  dimensions  in  Figure  5.  In  this 
Figure,  the  spectrum  of  an  interferent  is  shown  by  the  vector  b.  The  interferent  spectrum 
would  have  no  projection  on  any  of  the  vectors  lying  in  the  plane  normal  to  b,  and  thus 
vectors  in  this  plane  would  be  candidates  for  the  analysis  of  a  chemical  analyte,  a,  in  the 
presence  of  b.  For  a  two  component  mixture  with  an  analyte  vector  that  is  not  coincident 
with  b,  each  of  the  vectors  in  the  plane  normal  to  b  (the  plane  of  the  white  ellipse  in 
Figure  5)  would  work  for  the  measurement  of  the  analyte  vector,  a.  The  sole  exceptions 
to  this  statement  would  be  the  two  vectors  in  the  plane  that  are  orthogonal  to  both 
vectors.  The  remaining  vectors  in  the  plane  would,  of  course,  show  different  qualities  of 
performance,  depending  on  their  overlap  with  the  analyte  vector,  a. 

The  projection  of  a  vector  of  ones  onto  the  plane  normal  to  the  interferent  vector 
represents  an  IMOE  whose  cone  of  rotation  with  varying  angle  of  incidence  is  tangent  to 
this  plane.  Such  an  IMOE  is  least  subject  to  increased  interference  upon  a  change  in  the 
angle  of  incidence.  The  overlap  of  the  IMOE  vector  with  the  analyte  vector,  a,  may 
change  when  this  occurs,  thus  changing  the  instrument  gain  for  different  angles  of 
incidence.  This  effect  will  generally  result  in  an  “average”  gain  for  a  given  range  of 
angles  of  incidence.  For  a  significant  range  of  angles,  the  optimum  IMOE  spectrum 
would  be  one  whose  cone  is  not  exactly  tangent  to  the  plane  normal  to  the  interferent,  but 
which  passes  through  the  plane  at  two  angles  of  incidence.  This  effect  is  observed  in  the 
results  of  Figure  4,  where  the  SEP  for  45°  angle  of  incidence  is  a  local  maximum,  with 
minima  to  either  side  corresponding  to  the  angles  at  which  the  IMOE  vector  passes 
through  a  plane  orthogonal  to  the  spectral  vector  of  the  interference,  CV. 
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CONCLUSIONS 


We  have  described  an  algorithm  enabling  the  design  of  IMOEs  for  multiwavelength 
operation  by  modeling  of  the  angle-dependence  of  the  IMOE  spectrum  during  the  design 
process.  This  opens  the  path  toward  chemical  imaging  systems  based  on  the  multivariate 
optical  computing  concept. 

Chemical  imaging  devices  that  are  based  on  simple  optical  computing  elements  may  be  a 
powerful  yet  simple  alternative  to  current  chemical  imaging  technology  in  certain 
applications.  These  devices  promise  substantially  smaller,  lighter  instruments  for 
imaging.  In  addition,  the  total  absence  of  spectrometers  and  complicated  data  analysis 
could  potentially  extend  imaging  technology  to  everyday,  non-specialist  applications. 
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Layer  No. 

Material 

Layer  Thickness  (nm) 

1 

Nb205 

97.76 

2 

Si02 

68.87 

3 

Nb205 

94.50 

4 

Si02 

66.80 

5 

Nb205 

57.72 

6 

Si02 

49.04 

7 

Nb205 

60.75 

8 

Si02 

31.66 

9 

Nb205 

90.12 

10 

Si02 

22.29 

11 

Nb205 

112.03 

12 

Si02 

133.39 

13 

Nb205 

81.59 

Table  1.  13-Layer  polarization  insensitive  MOE  design  for  the  determination  of  Bismarck 
Brown  in  a  Binary  Mixture  with  Crystal  Violet 
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MOE 


Qjdiu^S 


140 


CCDl 
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the  portion  ofllie  source  scene  viewed  by  each  is  the  same. 


100 


Tr.(%) 
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algorithm  at  angles 


SEP  (^iM) 
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from  42°  to  48°. 
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List  of  Organophosphorus  Compoljnds  whose 
Spectra  have  been  Measured  at  the  USC  Laboratory 


Compound 

MIR 

NIR 

Raman 

Sand/white  quam  (NIR) 

X 

Methylphosphonic  acid  (NIR) 

X 

X 

Dimethylmethylphosphonate 

X 

X 

X 

Methamidopbos 

X 

X 

Trimetylphosphate 

X 

X 

X 

Dichlorvos 

X 

X 

X 

Hexamethylphosphoric  triaraide 

X 

X 

X 

Pinacolyl  methylphosphonate 

X 

X 

X 

Dimethoate  (NIR) 

X 

X 

Dylox  (NIR) 

X 

X 

Dibrom 

X 

X 

Phorate 

X 

X 

X 

Prophos 

X 

X 

X 

Demeton  0  &  S 

X 

X 

DisulfotOH 

X 

X 

X 

Dyfonate 

X 

X 

Monocrotophos 

X 

X 

X 

Phosdrin 

X 

X 

X 

Dicrotophos 

X 

X 

X 

Terbufos 

X 

X 

Zinophos  (NIR) 

X 

X 

X 

X 

X 

X 

X 

T  etraethyldithiopyrophosphate 

X 

X 

Tributylphosphorotrithioate 

X 

X  i 

X 

Trichioronate 

X 

X  1 

Carbophenothion 

X 

X 

X 

Chlorpyrifos  (NIR) 

X 

X 

Fensulfothion 

X 

X 

Parathion 

X 

X 

X 

Phosphamidon 

X 

X 

X 

Sulprofos  (NIR) 

X 

X 

Diazinon 

X 

X 

Ethion 

X 

X 

X 

Famphur  (NIR) 

X 

X 

Guthion  (NIR) 

X 

Imidan  (NIR) 

X 

X 

Malathion 

X 

X 

X 

Tetrachlorvinphos  (NIR) 

X 

X 

Chlorfenvinphos 

X 

X 

Leptophos  (NIR) 

X 

X 

Crotoxyphos 

X 

X 

EPN  (NIR) 

X 

X 

Guthion  ethyl  (NIR) 

X 

X 

Coumaphos  (NTR) 

X 

X 

Dioxathion 

X 

X 

X 

Sulfometuron  methyl  (NIR) 

X 

X 

Fenthion 

X 
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